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Abstract
Dietary monitoring is most useful when it captures intake as
it happens, yet phone diaries ask people to remember, frame,
and enter food after a decision has already been made. A
formative inquiry with 215 questionnaire responses and 12
interviews found that mobile logging is often interrupted dur-
ing snacks, busy work, and social meals, while first-person
sensing also raises privacy concerns. We present NutriSight,
a user-prioritized hybrid event-triggering system for smart
eyewear. Rokid Glasses RV101 supplies a live preview, low-
rate scene frames, and high-resolution JPEG captures to
a phone-centered pipeline. Users can select manual, auto-
matic, or hybrid sensing: automatic visual candidates can
initiate meal capture, explicit App commands and gestures
can intervene, and a fist gesture ends an eating event and
suppresses pending escalation. Package and ingredient scan-
ning remains explicitly user initiated. The phone routes con-
firmed captures to food recognition or package OCR, struc-
tures evidence, and presents results for confirmation rather
than writing directly to a health record. A successful three-
path demonstration covers automatic meal capture, manual
package scanning, and gesture-prioritized hybrid control. Ex-
isting component checks of 30 food images and 36 package
images provide limited support for the downstream analy-
sis path; they are not trigger-performance results. We con-
tribute the hybrid trigger policy, its bounded event state
machine, and a concrete evaluation protocol for event qual-
ity, sensing cost, and user control.
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1 Introduction
“The most profound technologies are those that disappear,”
wrote Weiser when describing computing woven into every-
day life [10]. Dietary support has not yet reached that con-
dition. Mobile food diaries reduce part of the input burden,
but users still need to open an application, frame the rel-
evant view, estimate what was consumed, and correct the
record later [3, 5]. These actions are easy to skip during a
brief snack, a busy workday, or a social meal. A first-person
system is useful only if it reduces this activation cost without
turning everyday life into retained video.

Our formative inquiry provides direct motivation for this
design. We collected 215 questionnaire responses and con-
ducted 12 semi-structured interviews about diet logging,
package decisions, proactive prompts, and first-person pri-
vacy. Seventy-eight percent of respondents had tried mobile
diet applications, but reported persistence of no more than
three weeks. More than 85% of described interruptions oc-
curred while snacking, being busy at work, or eating socially.
At the same time, 45% expressed concern about continuous
first-person recording. These findings do not establish a
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Table 1: Phone diaries and user-prioritized smart-
eyewear sensing.

Dimension Phone diary NutriSight

Activation User opens, frames,
and submits

Automatic candidate
or explicit command

Best-fit
moment

Retrospective review
and correction

Hands-busy snacks,
shared meals, label
checks

Main cost Missed or delayed
entries

Energy, privacy, and
false capture risk

Control Explicit by default Automatic sensing
with gesture override

population-level behavioral effect; they identify the deci-
sion window in which a user-controlled, bounded capture
mechanism may be valuable.

Smart eyewear is therefore a complement to, rather than
a replacement for, phone diaries. A phone remains better
for detailed correction, profile editing, and retrospective re-
view. Eyewear offers a hands-free first-person view when the
user is already looking at a meal or a package, especially
for short snacks, shared meals, and pre-consumption label
checks. The tradeoff is additional hardware, energy use, acci-
dental capture, and bystander privacy. NutriSight addresses
this tradeoff with selectable sensing modes and an explicit
user-priority policy.

NutriSight treats monitoring as a sequence of bounded di-
etary events. Rokid Glasses RV101 provides Camera2 frames;
the paired phone discovers the device, displays a WebRTC
preview, receives low-rate JPEG scene frames, and requests
high-resolution captures. The phone-side state machine sup-
ports manual, automatic, and hybrid modes. Automatic vi-
sual candidates can initiate a meal event, while App com-
mands and hand gestures express user intent. An open-palm
gesture starts an eating state and a fist ends it; explicit user
control takes precedence over an automatic candidate. Pack-
age analysis remains explicitly initiated to avoid turning a
passing view of a shelf into a stored product record.

The captured event is routed to food recognition or pack-
age OCR, converted into source-linked fields, and shown for
review. Deterministic rules perform arithmetic and profile
matching; the language layer structures or explains evidence
but does not decide that a product is safe. This paper makes
three contributions:
• a user-prioritized hybrid trigger policy that combines

automatic visual candidates, App commands, and open-
palm/fist gesture control;

• an RV101-to-phone event pipeline that bounds capture,
routes meals and packages separately, and preserves re-
viewable evidence; and

• a three-path feasibility demonstration and evaluation pro-
tocol for event quality, sensing cost, and user control.

2 Related Work and Research Gap
Image-assisted dietary assessment has moved from manual
photo review toward automated food recognition, portion
estimation, and nutrient inference. Im2Calories and Nutri-
tion5k illustrate the progress and the remaining dependence
on visible geometry, reference scale, and suitable training
data [5, 7]. Single-view energy estimation is particularly frag-
ile for mixed dishes, occlusion, and missing scale [4]. These
limitations matter in first-person views, where the wearer
may look at only part of a shared dish and may not hold the
head still.

Wearable intake monitoring addresses a different part of
the problem: identifying that eating is occurring. Reviews
cover acoustic, inertial, proximity, and body-worn sensing
approaches [8]; FitByte illustrates the value of multimodal
eyeglass sensing for intake-related activity [2]. NutriSight
does not assume that such signals are available on every de-
vice. Instead, it uses the implemented RV101 visual stream
to nominate low-cost candidates and reserves high-resolution
capture for a bounded event. Wearable cameras provide rich
context but also introduce bystander, retention, and social-
acceptability concerns; work on privacy-preserved egocentric
captioning shows one way to reduce downstream exposure to
raw imagery [6].

NutriSight connects these two lines of work. Eating de-
tection alone does not yield calories or allergens, while food
recognition alone assumes that the correct moment and task
have already been selected. Our focus is the transition be-
tween them: escalation from a low-cost cue to a bounded
visual event, followed by task-specific interpretation and lon-
gitudinal recording.

3 Design Requirements
The project is organized around two research questions. RQ1
asks when a smart-eyewear system should escalate from low-
cost context sensing to image capture. RQ2 asks how a con-
firmed event should be interpreted so that calorie and al-
lergen outputs retain the meaning of their evidence source.
Four requirements follow from these questions.

R1: cover the decision window without equating
monitoring with recording. Package risk is useful before
consumption, while a meal record is useful during or shortly
after eating. The system therefore needs more than a post-
meal camera button, but it should not retain all-day first-
person video. Triggering and retention are separate decisions:
a transient cue can start analysis without automatically be-
coming a stored record.

R2: preserve task-specific evidence. A meal frame, a
nutrition panel, and an ingredient list answer different ques-
tions. The system must route them before inference, preserve
the source crop, and avoid converting a missing field into a
negative finding. A food-name candidate may support nutri-
tion lookup; only visible label text or explicit user knowledge
can support a stronger allergen statement.
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Table 2: Evidence sources and the claims they can
support.

Source Supports Does not establish

Meal frames food candidates,
visible components,
coarse portion cues

exact weight or
complete ingredients

Package
label

per-serving energy,
ingredient and
allergen fields

amount actually
consumed

User input serving correction,
ingredient
confirmation, event
boundary

independent nutrition
truth

Profile declared allergens,
goals, and limits

diagnosis or inferred
disease

R3: keep quantities revisable. Calorie tracking com-
pounds errors over time. A wrong serving estimate should re-
main linked to its assumption so that a user can change the
mass or serving count without repeating recognition. Event
records therefore store inputs, derived values, and confirma-
tion state separately.

R4: reserve interruption for consequential uncer-
tainty. Asking about every candidate recreates the burden
of manual logging. NutriSight should remain quiet when no
dietary event is likely, ask for a new view when a label is
unreadable, and request serving confirmation only when the
value changes the retained record. The phone is suited to
detailed correction; eyewear audio is reserved for short ques-
tions and time-sensitive risk.

4 Dietary Event Model and System
Overview

NutriSight treats a dietary event as the smallest retained
unit of monitoring. An event has an onset and end state,
a trigger source, selected evidence, an interpretation path,
and a confirmation state. Monitoring over a day is the ag-
gregation of these events; continuous video is neither the
analytical unit nor the intended stored artifact.

Figure 1 shows the complete RV101-to-phone path. RV101
provides first-person Camera2 capture; the paired phone
manages local discovery, WebRTC preview, mode selec-
tion, gesture state, review, and routing. Low-rate JPEG
scene frames support automatic meal candidates, while
high-resolution JPEG captures provide evidence for anal-
ysis. Compute-intensive recognition and parsing run after
capture. Deterministic code performs arithmetic, schema
checks, and profile matching; a language model may struc-
ture OCR text or phrase a result, but it does not invent
thresholds or declare a product safe.

5 When to Recognize: Hybrid Event
Triggering

The central design decision is not whether to keep a camera
on, but which signal is allowed to request a bounded capture.

Table 3: Trigger sources and control responsibilities.

Source Primary role Boundary

Low-rate
scene frame

nominate a meal
candidate

does not prove
consumption

App
command

request capture or
select a mode

may be accidental;
user can cancel

Open palm enter eating state does not write a
health record

Fist end or cancel eating
state

suppresses pending
automatic capture

Package
command

mark a label for
OCR

required before
package retention

NutriSight exposes manual, automatic, and hybrid modes so
that users can choose the desired balance between activation
cost and sensing control. Table 3 separates the implemented
trigger sources and their responsibilities.

5.1 Three User-Selectable Modes
In manual mode, the user controls capture through the
phone App or an explicit gesture. This mode minimizes
automatic sensing and is appropriate when the wearer
wants predictable capture. In automatic mode, the phone
receives low-rate JPEG scene frames from RV101 and eval-
uates them for a stable meal context. A stable candidate
requests a high-resolution JPEG, after which the normal
food-analysis path and user review apply. Automatic mode
does not autonomously scan packages: label and ingredient
capture always requires an explicit package command.

In hybrid mode, automatic meal candidates run in parallel
with user controls. An open-palm gesture can immediately
enter an eating state, while a fist ends the state and cancels
pending automatic escalation. The App’s immediate-capture
command and mode changes also override a candidate. Thus
automation can reduce the cost of remembering to start a
meal record, but it cannot overrule a clear user stop or write
a record without confirmation.

5.2 State Machine and Priority
Figure 2 summarizes the hybrid event flow. After selecting
manual, automatic, or hybrid sensing, the user-trigger lane
and automatic-vision lane run singly or in parallel and con-
verge at candidate arbitration. The phone applies stability
checks and gives explicit user actions priority before entering
Active Eating. A high-resolution JPEG is then acquired in
Capture, routed to recognition or package OCR, and shown
in User Review. Package capture remains explicitly user initi-
ated. Confirmation, correction, ignore, or deletion closes the
event and returns the system to Idle.

The priority order is deterministic: a fist or cancel com-
mand has highest priority, followed by an App capture or
mode command, an open-palm start, and finally an auto-
matic visual candidate. This ordering makes user intent ob-
servable and testable rather than treating all triggers as
equal votes. Consecutive consistent scene results stabilize
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Figure 1: RV101-to-phone dietary-event path. The phone owns mode selection, gesture interpretation, and
user review; the eyewear provides first-person capture and transport.

transitions, while brightness, blur, and duplicate checks re-
ject unusable captures. A short in-memory buffer may pre-
serve the moments immediately before confirmation; rejected
candidates are not retained as dietary records [9].

5.3 Package Capture and User Intent
Package analysis is intentionally explicit. The user selects
package mode or issues a package command, the phone re-
quests a high-resolution capture, and the OCR path retains
the source crop with the parsed fields. This prevents a walk
past a store shelf from becoming dozens of product records.
If glare, curvature, transparent folds, or small text make the
ingredient field unreadable, the system requests recapture
or human inspection and never emits a “no allergen” conclu-
sion.

5.4 Key-Frame Selection
Selecting one sharp image is not enough for every event. For
a meal, the selector should balance visual quality with tem-
poral diversity: an early overview can show the plate, while
a later frame may reveal a side dish or a changed serving.
For a package, the useful set may contain the front, ingre-
dient list, and nutrition panel. NutriSight therefore ranks
frames by blur, exposure, duplicate similarity, and task cov-
erage, then retains a small set of complementary views. This
selection occurs before cloud upload when device resources
permit. The event stores why each view was retained, allow-
ing a later error to be traced to missing capture, poor OCR,
or interpretation.

6 How to Recognize: Two Evidence Paths
6.1 Meals: From Visible Food to an

Energy Range
The meal path selects representative frames and returns
open-vocabulary food candidates with visible components.
Multiple frames are merged at the event level so that a later

side dish is added rather than treated as a new meal. Am-
biguous mixed dishes remain editable candidates. Portion
inference first looks for a known plate or packaged object
as a scale anchor; a hand landmark can provide a weaker
secondary cue. Because a monocular image does not reveal
hidden depth or the amount actually eaten, the interface
asks the user to confirm a serving class or approximate mass
when the estimate affects the record.

For n recognized foods, the basic calculation is

Emeal =

n∑
i=1

Wi
Ki

100
, (1)

where Wi is confirmed or estimated mass in grams and Ki is
energy per 100 grams from a nutrition source. When Wi is
uncertain, NutriSight stores an interval rather than a precise
value. Visual appearance can raise an ingredient question,
but it cannot prove the absence of an allergen in a cooked
meal.

6.2 Packages: From Text to Declared Risk
The package path locates label regions, corrects orientation
where possible, and applies OCR. A parser separates product
name, serving size, energy, ingredient text, and declared al-
lergen statements while retaining the source crop. Ingredient
aliases then map to canonical allergens in the user’s declared
profile. Package energy is computed as Epkg = sKs, where
Ks is label energy per serving and s is the consumed serving
count confirmed by the user.

Package evidence is usually stronger than meal imagery
for allergens, but it still has failure modes. A missing ingredi-
ent field is not evidence of safety. OCR on curved cups, glossy
bags, transparent folds, and small text can omit precisely the
line that matters. NutriSight therefore distinguishes label-
confirmed, visually suspected, and unknown allergen states.
Only the first supports a direct profile match; the others
request inspection or recapture.
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Figure 2: User-prioritized hybrid event flow. Manual, automatic, and hybrid modes enable one or both trigger
lanes, which converge at candidate arbitration before the shared capture, analysis, and review path. Package
capture is explicitly user initiated.

6.3 From Structured Evidence to
Feedback

Both paths emit the same event schema: timestamp, trig-
ger, source image or crop, parsed fields, confidence notes,
energy value or range, allergen state, and confirmation sta-
tus. Schema validation and arithmetic precede feedback.
Deterministic rules accumulate daily energy and compare
explicit label/profile matches. A language layer may con-
vert the structured result into a concise sentence, but it is
downstream of the calculation. Following human-AI interac-
tion guidance, correction and dismissal are ordinary actions
rather than hidden error recovery [1].

The phone is the review surface for serving corrections,
history, and profile editing. Eyewear audio is reserved for
short, timely messages, such as asking whether a meal event
should be retained or warning that a label explicitly names a
declared allergen. This division keeps detailed inspection off
the small wearable interface while preserving intervention at
the decision window.

7 Claim-Aware Uncertainty and Record
Semantics

A single confidence score would hide where an event can
fail. NutriSight instead keeps four kinds of status: whether a
dietary event occurred, whether the retained views are ade-
quate, whether the food or label fields were interpreted, and
whether the consumed quantity is known. These statuses
support different claims and should not be multiplied into
an opaque probability. A stable scene candidate, for example,
increases confidence that a capture is worth requesting but
says nothing about food identity or consumption amount.
Likewise, clear ingredient text can support an allergen warn-
ing even when the consumed amount remains unknown.

Table 4 turns uncertainty into an action policy. An event
may be retained while one claim is withheld: a package can
contribute label-derived energy after serving confirmation

Table 4: Minimum evidence and abstention behavior
for user-facing claims.

Claim Minimum evidence If absent

Meal energy
range

food candidates, portion
bound, nutrition source

retain incomplete;
exclude from total

Package energy readable energy and serving
fields; consumption
confirmed

recapture or ask
serving count

Allergen warning explicit label text matched
to declared profile

mark unknown;
request inspection

“No risk”
message

not supported by the
present evidence model

never emit

even if its ingredient panel remains unreadable, but its aller-
gen state stays unknown. Conversely, a clear allergen match
should be delivered before consumption even if calorie fields
have not been parsed. This claim-specific policy avoids an
all-or-nothing record and makes the cost of missing evidence
visible to the user.

Corrections propagate through the structured record
rather than overwriting its history. Each derived quantity
stores its source and assumptions. Changing a meal portion
updates the corresponding Wi and all dependent summaries;
replacing an OCR crop reruns only the fields derived from
that crop. For m retained events with energy intervals
[E−

j , E+
j ], the daily summary remains an interval,

[E−
day, E

+
day] =

[
m∑

j=1

E−
j ,

m∑
j=1

E+
j

]
, (2)

until a user correction narrows one or more terms. Trig-
ger confidence is stored as provenance but does not numer-
ically shrink a calorie estimate; uncertainty about whether
an event happened and uncertainty about its quantity are
presented separately. This record semantics gives later eval-
uation a concrete target: not only whether a model label
was correct, but whether the final event contained enough
supported fields to justify each user-facing output.
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Table 5: End-to-end feasibility demonstration paths.

Path Trigger Processing User gate

Automatic
meal

Stable low-rate
scene candidate

High-resolution
JPEG, food route,
structured meal fields

Confirm,
edit, or
delete

Manual
package

App command or
package gesture

JPEG, OCR,
ingredient/allergen
fields

Confirm
label and
serving

Hybrid
override

Automatic
candidate plus
open palm/fist

Gesture state
overrides pending
escalation

Fist cancels;
user reviews

8 Event Completion and Feedback Timing
In a meal event, a stable scene candidate or open-palm ges-
ture creates one event record rather than a sequence of inde-
pendent recognitions. The phone requests a high-resolution
JPEG, filters it, and routes it to food recognition; later
non-duplicate candidates during the same eating state are
merged into the record. If no scale anchor is visible, the
phone asks for a serving class instead of accepting precise
grams. A fist closes the event and cancels pending automatic
escalation, so the final review concerns one traceable meal
record.

For a package event, capture remains explicit. The user
scans front, ingredient, or nutrition panels before eating, and
quality checks can ask for another angle when glare, curva-
ture, or small print degrades OCR. Parsed fields stay linked
to their source crop. An explicit label/profile allergen match
can be spoken before consumption, but energy is added only
after serving count is confirmed; a scan is evidence of consid-
eration, not consumption. If ingredient text cannot be recov-
ered, the state remains unknown rather than “no allergen
found.”

Daily and weekly views aggregate confirmed or retained
events while preserving provenance. Estimated meal values
remain distinguishable from label-derived values, and cor-
rections update dependent totals without discarding origi-
nal evidence. This interaction pattern supports timely warn-
ings, lightweight in-meal questions, and more detailed phone-
based correction after the event.

9 Prototype Demonstration and
Validation Plan

The prototype connects Rokid Glasses RV101 to a phone-
centered capture and analysis pipeline. RV101 provides We-
bRTC preview, low-rate scene JPEGs, and requested high-
resolution JPEGs; the phone handles discovery, mode and
gesture routing, capture requests, and food or package result
cards. Automatic, manual, and hybrid modes were exercised
in an end-to-end demonstration.

This demonstration establishes functional integration
across RV101 capture, phone transfer, event routing, down-
stream analysis, and user review. It does not estimate
deployment-scale trigger precision, latency, gesture ac-
curacy, camera duty cycle, or behavior change. Existing
manual checks are therefore only compact support for the

downstream analysis path: 28/30 food Top-1 matches, 27/36
package ingredient fields, and 28/36 package allergen fields.

Observed component failures define recovery behavior.
Food errors were label-granularity failures on fruit assort-
ments; package failures clustered around glare, low contrast,
curved or transparent material, and dense small text. An
unreadable ingredient field requests recapture or human
inspection and never becomes a negative allergen finding.
The event record preserves source crop, parsed fields, trigger
source, confidence notes, and confirmation state so future
trigger errors can be separated from OCR or interpretation
errors.

The next evaluation should annotate continuous RV101
sequences with meal onset, pauses, package inspection, and
confounds such as talking, walking, head turns, drinking, and
non-dietary hand movements. It should compare automatic,
manual, and hybrid modes using event precision/recall, false
camera activations per hour, onset latency, end-time error,
camera-on duty cycle, user cancellation, and confirmation
rate. A second stage should measure portion and calorie er-
ror against weighed foods, then report event completeness
and missed allergen alerts. Participant- and meal-level splits
should avoid sequence leakage; logs should include camera-
on time, uploaded bytes, prompts, and user corrections.

10 Conclusion
NutriSight treats smart-eyewear dietary monitoring as a
user-prioritized event-triggering problem. Its RV101-to-
phone pipeline supports automatic meal candidates, explicit
package capture, and gesture or App control within one
bounded state machine. Automatic sensing lowers the ac-
tivation cost for high-frequency diet logging, while fist
termination, explicit confirmation, and claim-aware absten-
tion keep automation from silently creating health records.
The present evidence demonstrates the integrated paths and
downstream recognition components; the proposed evalua-
tion protocol now makes trigger quality, sensing cost, and
user control measurable without presenting them as already
established clinical or behavioral outcomes.
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