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Abstract
Sundown syndrome (SS) is a late-day neuropsychiatric condition in older adults with dementia, marked by
worsening cognitive, emotional, and behavioral disturbances. Current detection relies on caregiver reports
and retrospective questionnaires, which are subjective and often miss brief or subtle episodes. Video sensing
naturally provides multimodal data, including video, audio, and derived contextual and physiological signals,
making it well-suited to capture the complexity of SS and support personalized profiles. This paper presents
a conceptual framework for continuous, emotion-aware monitoring of SS that centers on automatic facial
expression recognition combined with environmental and physiological sensing. Deep-learning models detect
micro- and macro-expressions under natural conditions, while passive sensors track light, noise, motion, and
time-of-day patterns to provide contextual cues for timely alerts and intervention. We discuss key challenges for
real-world deployment, including privacy protection, algorithmic fairness for older faces, system reliability, and
user acceptance in care settings. By integrating ethical safeguards and adaptive feedback, the proposed approach
shifts SS monitoring from subjective, delayed assessment toward a proactive, individualized dementia care.
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1. Introduction

Sundown syndrome (SS) is a complex neuropsychiatric condition observed mainly in older adults with
dementia. It typically emerges in the late afternoon or evening, when patients display a cluster of
symptoms that may include a wide range of cognitive, emotional, and behavioural changes [1, 2, 3].
The onset and severity of these symptoms can vary from day to day and differ among individuals,
and their unpredictable timing places heavy emotional and physical demands on family members
and professional caregivers. Despite its clinical importance, SS remains poorly understood. Reported
prevalence ranges from as low as 2.4% to over 60%, largely because of inconsistent diagnostic criteria
and differences in care settings [2, 3]. Proposed contributing factors include sleep disturbance, circadian
rhythm disruption, altered melatonin secretion, and environmental triggers such as dim light or changes
in evening routines, suggesting a complex interplay of neurobiological, clinical, and environmental
or social factors [4, 5]. These uncertainties complicate early detection and timely intervention and
highlight the need for more objective and continuous monitoring approaches.
Currently, SS detection relies primarily on caregiver observations and questionnaire-based assess-

ments such as the Neuropsychiatric Inventory [6]. These methods provide valuable clinical information
but depend heavily on caregiver reporting and are inherently subjective and retrospective. As a result,
brief or subtle episodes may be missed, reducing opportunities for timely intervention. With the rapid
development of artificial intelligence and sensor technology, multimodal approaches are emerging as
promising solutions for risk identification, diagnosis, monitoring, and treatment. Integrating wearable
devices, environmental sensors, and advanced analytic methods can provide a more comprehensive and
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objective picture of symptom development, especially given the complexity of SS [3].
Among emerging approaches for objective and continuous monitoring, video-based sensing is

particularly promising. It can capture visual, auditory, and other contextual information to provide a
comprehensive view of patient status and, with recent advances, can even extract certain physiological
signals directly from video [7, 8]. Specifically, automatic facial expression recognition (FER, for reviews
see [9, 10]) uses computer vision and machine learning techniques to infer emotional states from facial
movements, offering a direct way to detect the subtle affective changes that often precede SS episodes.
To explore this potential, our recent pilot study tested the use of video signals for detecting SS states and
confirmed that information extracted from both facial and bodily features, especially emotional cues
from facial expressions, is a feasible indicator [11]. Building on these findings, this article highlights
the limitations of current monitoring methods, presents a conceptual framework that integrates FER
with environmental and physiological data for early detection and intervention in dementia care, and
examines the key ethical and practical considerations for implementation.

2. Current challenges in sundown syndrome monitoring

2.1. Definition and diagnostic ambiguity

Unlike many psychiatric or neurological disorders, SS lacks a standardized definition and formal
diagnostic criteria and is not included in major classification systems such as the DSM-5[12]. Even so,
the term is widely used in clinical practice to describe a typical pattern of late-day behavioural changes
[1, 13]. Symptoms such as mood changes, agitation, pacing, disorientation, and psychosis are difficult
to distinguish from the usual progression of dementia or from other conditions such as delirium [14].
Moreover, the severity and combination of these symptoms can vary not only between patients but
also from one day to the next in the same individual [2], which makes the condition especially hard to
define and detect.

2.2. Dependence on subjective caregiver observation

Although recent approaches have begun to incorporate objective measures such as motion sensors to
record activity changes during sundowning [15, 16], most assessments still rely heavily on caregiver-
completed checklists or behavioural logs. These tools remain retrospective and subjective, depending on
the caregiver’s attentiveness, memory, and interpretation of behaviour, which makes them vulnerable to
bias [13]. Brief or low-intensity episodes may go unnoticed or unreported, especially in under-resourced
care settings, which can heighten caregiver burden and lead to more serious consequences.

2.3. Lack of real-time, objective indices

Even in well-equipped facilities, SS detection often occurs only after symptoms become severe. One
major reason is the absence of a gold-standard index for real-time, continuous measurement. Objective
physiological indicators such as heart-rate variability, skin conductance, or brain activity could serve as
potential biomarkers for SS, yet they have been largely overlooked in SS research. Motion detectors
and ambient sensors can monitor behaviour, but their signals lack specificity and may not reliably
distinguish SS from other sources of restlessness unless additional contextual information or intensive
manual filtering is applied (for a detailed discussion, see [3]).

2.4. Temporal complexity and environmental sensitivity

SS typically follows a diurnal rhythm, emerging in the late afternoon or evening, but the timing is
not always consistent. Symptoms may be triggered by subtle environmental changes such as reduced
light, lower caregiver availability, increased background noise, or deviations from routine [4]. These
temporal and environmental fluctuations add further variability to symptom expression and make
reliable detection particularly challenging.



3. Conceptual framework for emotion-aware monitoring of sundown
syndrome

3.1. Framework for Emotion-Aware Monitoring

Figure 1 illustrates the conceptual framework of our emotion-aware monitoring system for sundown
syndrome (SS). At its core is a robust facial expression recognition (FER) module that leverages recent
advances in deep learning [10]. Modern networks trained on both macro- and micro-expressions can
detect subtle muscle movements and rapid emotional shifts in naturalistic settings while maintaining
stable performance under varying lighting, head positions, and background conditions [9, 17, 18]. The
FER module is complemented by passive environmental sensors that monitor ambient light, noise levels,
time of day, and other key external factors to capture the relevant environmental information [1, 2]. To
provide additional context and reliable ground truth, wearable devices can be incorporated to track
physical activity and physiological signals. These multimodal streams are integrated within a central
sensor-fusion and context-modeling layer, which continuously evaluates risk patterns. The goal of the
system is to support, not replace, human judgment. When early signs of SS are detected, the system can
issue real-time caregiver alerts, adjust the home environment through smart home control, for example
by modifying lighting or sound, and securely transmit data to clinicians via cloud services for remote
supervision and integration with telehealth, enabling contactless monitoring in aging and dementia
care [19].

It should be noted that the systemmust be designed for older users and real-world deployment [19, 20].
In this sense, sensors should work unobtrusively with minimal physical or cognitive burden. Algorithms
should take into account age-related features such as reduced muscle tone, slower movements, and
cognitive fatigue by applying noise-tolerant and time-smoothed models. Visual feedback, such as
dashboard summaries or simple app-based alerts, should be easy to understand and fit naturally into
caregivers’ routines. Equally important, the system must include ethical safeguards from the start,
which are discussed in more detail in Section 4.

3.2. Workflow integration in real-world care settings

A key strength of the proposed system is its ability to adapt to the diverse presentations of SS, which vary
across individuals in onset time, environmental triggers, and symptoms. Instead of relying on a fixed
decision tree, the system should learn personalized profiles over time, providing a tailored alternative
to traditional trial-and-error methods [21]. To illustrate the system’s capacity for personalization, we
describe three representative real-world scenarios.

In one case, a resident with mild Alzheimer’s disease shows signs of increased social withdrawal and
depressive affect during the late afternoon. While such shifts may not develop into overt behavioral
disturbances, an emotion-aware system can detect early affective signals such as facial tension, reduced
expressiveness, prolonged gaze avoidance, or subtle signs of distress like brow furrowing and reduced
blink rate. Previous studies link these features to depressive and anxious states in older adults, particu-
larly those with cognitive impairment [22, 23]. Detecting these cues early makes it possible to initiate
low-intensity interventions such as music therapy, environmental light adjustment, or structured social
interaction before symptoms intensify.

In another scenario, a resident may display agitated behavior such as physical or verbal aggression,
excessive pacing, or restlessness in a communal dining area during sundown hours. These high-stimulus
settings challenge FER because facial cues can be obscured by motion artifacts or occlusion. Here,
multimodal sensor fusion becomes essential, combining facial affect signals with environmental audio
(e.g., shouting or loud speech), locomotor patterns, and physiological indicators such as heart-rate
variability (HRV) to improve accuracy [24, 3]. Physical movement has been shown to correlate with
agitation across multiple spatiotemporal scales [25], while HRV has been proposed as a biomarker
of agitation risk in Alzheimer’s disease [26]. Longitudinal studies further suggest that day-to-day
changes in environmental factors or sleep may help predict agitation episodes in advance [27, 3]. In



Figure 1: Conceptual framework for emotion-aware monitoring of sundown syndrome.Facial expression
recognition provides the primary input, while environmental and wearable sensors supply contextual signals. A
central sensor-fusion layer integrates these data to deliver real-time alerts, enable smart home control, and allow
secure clinician access. The design follows ethical safeguards of privacy, fairness, and user acceptance.Icons
used in the figure are adapted from the draw.io and Flaticon(https://www.flaticon.com).

such circumstances, detection accuracy is especially critical because numerous external distractions
can interfere with assessment and the complex environment may lead to more serious outcomes, such
as conflicts between residents. Timely and reliable identification of even minor emotional changes
is therefore essential to allow caregivers to intervene early, for example by separating individuals or
moving the agitated resident to a calmer and safer setting.
In a third scenario, residents in advanced dementia may lose most or all verbal abilities, making it

https://www.flaticon.com


difficult for caregivers to recognize emotional distress before it becomes overt. In such cases, facial
expression serves as a critical surrogate marker for internal states, especially when self-report is no
longer possible [28]. The proposed system is designed to detect fleeting macro- and micro-expressions
that may signal silent distress. Evidence shows that even individuals with severe cognitive impairment
exhibit facial responses to pain or fear that human observers often overlook but that automated FER
systems can capture reliably [28, 29]. These observations support the use of FER, particularly when
combined with physiological sensing, as a powerful tool to access the emotional experiences of non-
verbal dementia patients and to anticipate neuropsychiatric symptoms before they worsen.

By continuously logging both affective signals and caregiver responses, the system is designed to
create an adaptive feedback loop that identifies meaningful patterns of deterioration and separates them
from temporary emotional fluctuations. It should prioritize individualized behavioral profiles, which
is especially important in SS where symptoms vary widely across people and environments. Rather
than relying on static thresholds or predefined triggers, the system should evolve with each resident,
refining its predictive model through ongoing real-world interaction. This direction also aligns with the
broader movement in aging care toward proactive, precision health strategies that consider behavioral
diversity and respect the agency of individuals living with cognitive decline [20, 21].

4. Ethical, practical, and deployment considerations

Despite these opportunities, substantial ethical and practical challenges remain. They must meet general
standards of affective-computing and AI ethics [30, 31, 32, 33] while addressing the specific needs of
older adults, who often have lower digital literacy and age-related cognitive changes and therefore
require greater assistance with technology use and data security [19]. Here we propose three key issues
that should be specially take into consideration of the SS emotion-aware system design.

4.1. Privacy and data protection

Continuous video or sensor monitoring raises significant privacy risks, particularly in private living
spaces and among people with dementia who may not fully understand the technology. Systems should
adopt Privacy by Design principles [34] and comply with regulations such as the General Data Protection
Regulation in Europe and the Health Insurance Portability and Accountability Act in the United States.
Technical safeguards include edge computing for local data processing [35], federated learning to avoid
central data aggregation [36], and face de-identification methods that preserve emotional content while
removing identity [37], all of which help protect user privacy and data security. Special attention is
needed for individuals who cannot provide fully informed consent, especially regarding the balance
between safety, privacy, and personal autonomy [38].

4.2. Reliability and algorithmic fairness

An SS monitoring system must provide reliable and unbiased detection across diverse older populations.
Studies have shown that FER algorithms trained mainly on younger adults often underperform and
produce inaccurate predictions when applied to older faces, particularly in individuals with neurological
conditions [39, 40, 41]. Age-related factors such as subtler facial expressions and facial changes caused
by wrinkles and reduced muscle elasticity differ from those of younger faces and can lower the accuracy
of automated FER systems [39]. Therefore, fairness-aware learning methods and the inclusion of age-
and ethnically diverse clinical datasets are essential. Long-term reliability also requires robust hardware,
regular calibration, and transparent reporting of system limitations.

4.3. Acceptance and integration in care settings

Even a privacy-conscious and technically reliable system will fail if it is not accepted by older adults and
their caregivers. Therefore, the design should carefully consider the needs of older users by keeping



technical demands low, ensuring ease of use, fitting smoothly into daily routines, and promoting
enjoyment and a sense of safety. It should also support new forms of interaction and provide adequate
assistance for both patients and caregivers during real-world use [42]. In addition, older adults often
need clear communication, tailored guidance, and sufficient time to build trust. Care staff may worry
about being evaluated, and families may resist what feels like intrusive surveillance. Addressing these
concerns is essential, and accessible educational materials should be developed to enhance digital
literacy among older adults and their caregivers [43]. Achieving broad acceptance, however, will require
coordinated efforts from healthcare providers, community organizations, and the wider society.

5. Conclusion

SS remains a major source of distress for older adults, especially those with dementia and for their care-
givers, yet current detection methods are reactive, subjective, and often too late for timely intervention.
Recent advances in FER, multimodal sensing, and machine learning offer a path to shift from retrospec-
tive observation to proactive, continuous, and personalized monitoring. In this paper, we outlined a
framework that integrates FER with contextual data streams such as light, noise, and physiological
signals to detect subtle emotional changes that may precede SS episodes, and we discussed the ethical
and technical challenges that must be addressed for real-world deployment. This integrated approach
is essential not only for SS but also for managing broader behavioral disturbances in older adults, and
earlier recognition and response can help preserve the dignity, safety, and emotional well-being of both
patients and caregivers. Successful implementation, however, will require sustained cooperation among
researchers, clinicians, caregivers, ethicists, and policy makers so that these advances move beyond
proof-of-concept and become part of everyday dementia care.
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