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Abstract
Nations around the world face a rising demand for costly long-term care for seniors. Patterns in seniors’ activities of daily living, such as sleeping, sitting, standing, walking, etc.
can provide caregivers useful clues regarding seniors’ health. As the older population continues to grow worldwide, it becomes more and more challenging for caregivers to monitor
seniors’ daily activities manually and continuously. To improve caregivers’ ability to assist
seniors, an automated system for monitoring and analyzing patterns in seniors activities
of daily living has been long-awaited. A possible approach to implementing such a system
involves wearable sensors, but this approach is intrusive in that it requires adherence by
seniors, and is specific to a certain activity category. In this paper, using a dataset we collected from an assisted-living facility for seniors, we present a novel computer vision-based
approach that leverages non-intrusive, privacy-compliant multimodal sensors and state-ofthe-art computer vision techniques to continuously detect seniors’ activities and provide
the corresponding long-term descriptive analytics. This analytics includes both qualitative
and quantitative descriptions of senior daily activity patterns, which can be further interpreted by caregivers. Our work is progress towards a smart senior home that uses computer
vision to support caregivers in senior healthcare to help meet the challenges of an aging
worldwide population.

1. Introduction
The U.S. is experiencing a shift in the age demographics of its population; the percentage
of U.S. residents aged 65 or above is projected to rise from 13% in 2010 to over 20% in
∗
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(a) Privacy-safe Sensing
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(f) Immediate Assistance

(e) Long-term Analytics

(d) Digital Records

Figure 1: In this work, we propose a system that automatically provides long-term activity
detection and analytics of seniors by leveraging the privacy-compliant multimodal
sensors and state-of-the-art computer vision algorithms. We will extend our work
to provide real-time alerts to caregivers when emergency events such as falls are
detected (dashed line).

2030 (Ortman et al., 2014). The aging population has a significant societal impact, with
the Congressional Budget office projecting Medicare spending to rise from 3.5% of the U.S.
GDP in 2015 to 6.3% in 2040 (Hall, 2015). Additionally, in 2014, 1.4 million seniors in the
U.S. resided in senior housing – including assisted living facilities. As this number continues
to increase, the average number of potential caregivers per senior is expected to drop from 7
per senior in 2010 to 4 per senior by 2030 (Redfoot et al., 2013; Harris-Kojetin et al., 2016).
This declining ratio challenges safe and compassionate access to quality elder care. Beyond
the U.S., these demographic shifts and implications are also echoed worldwide (Bloom et al.,
2011). Therefore, it is crucial and challenging to have effective long-term care for seniors
across individual homes, assisted living facilities, and long-term care facilities.
While traditional care models have depended heavily on in-person care, there is a gaining
recognition that types of remote monitoring may afford longer independent living for seniors
on the cusp of needing some form of assisted living. Smart monitoring of key activities and
health conditions may help prevent acute health declines and also create the necessary
layer of safety for those at high risk of losing independence. Furthermore, automating the
continuous monitoring of seniors’ health-related activities and behaviors have significant
potential to support senior home caregivers. One approach to implementing such a system
is to use wearable IoT devices to track vital signs, activities, and accidents, such as heart
rate, respiration rate, sleeping, and falls. However, this approach requires seniors to wear
these devices throughout the day, which can be intrusive and inconvenient, and there has
2
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Figure 2: Sample images of depth modality (left) and thermal modality (right). Colormaps
are applied for better visualization. Our framework utilizes both depth and thermal signals to detect and monitor senior daily activities. Both modalities are
privacy-compliant and thus prevent identification of the person in the images.

been limited success in improving outcomes via these sensor types (González-Valenzuela
et al., 2011; Lee and Carlisle, 2011; Park and Jayaraman, 2003). In addition, this approach
requires dedicated sensors for different activities, which could be cumbersome and costly if
we are interested in a wide range of activities.
Video-recording would provide a non-intrusive alternative to wearable sensors for automated monitoring of seniors’ daily activities. Recent advances in computer vision have
shown promise in human activity classification from video data (Karpathy et al., 2014; Simonyan and Zisserman, 2014; Tran et al., 2015; Carreira and Zisserman, 2017). If we could
apply these techniques to classify clinically relevant activities accurately, an inexpensive,
passive, continuous layer of safety and monitoring can be extended to the world’s aging
population. Thus far, these approaches have focused on detecting the occurrence of acute,
short-term events such as falls (Zhang et al., 2015; Chua et al., 2015; Mastorakis and Makris,
2014; Yu et al., 2012; Rougier et al., 2011a,b; Luo et al., 2017). While these are important,
long-term monitoring to detect abnormalities from daily senior activities can also provide
useful information regarding seniors’ health. Prior work for vision-based senior activity detection have various limitations, such as using privacy-violating RGB videos (Cheng et al.,
2014; Xiang et al., 2015) or simulated data (Parajuli et al., 2012). Furthermore, none of
these prior works provide long-term analytics of continuous senior activities. Thus, to our
knowledge, an automated, non-intrusive, privacy-compliant vision-based system trained on
real video data for continuous senior activity detection and long-term health monitoring
has not been developed prior to our work.
In this work, we introduce an approach that uses computer vision to monitor and produce
long-term descriptive analytics of seniors’ health. We pilot our implementation in a senior’s
room in On Lok, San Francisco, an assisted-living facility for seniors. A schematic of our
3
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system, along with future work, is shown in Figure 1. Firstly, we developed multimodal
(explained in Figure 2), privacy-preserving, and easy-to-install sensors and deployed them
in a senior home facility (Figure 1(a)). Secondly, we recorded long-term continuous video
data and annotated the data using the two annotation interfaces we developed (as shown
in Figure 1(b)). Next, we demonstrate the ability of our model to classify the clinicallyrelevant activities in real-time as well as to perform temporal activity detection in the
long term using state-of-the-art activity classification and detection models (as shown in
Figure 1(c)). We examine the occurrence of 6 types of activities: sitting, standing, walking,
sleeping, using bedside commode, getting assistance. We choose these activities because
they are fundamental activities of daily living (ADL) that span the majority of seniors’
activity in the environment, and patterns in these activities can provide clinically-relevant
information regarding a seniors’ health (Phelan et al., 2004; Gangwisch et al., 2008; Buysse
et al., 1991; Gómez-Cabello et al., 2012; Pitta et al., 2005; Van Kan et al., 2009; Studenski
et al., 2011; Österberg et al., 1996; Charach et al., 2001; Vaizey et al., 1997). Finally, we
aggregated these results to build daily activity timelines of seniors and calculated important
quantitative and qualitative descriptive analytics that are clinically relevant to the health
of seniors (as shown in Figure 1(d) and Figure 1(e)).
Here we demonstrate a real-world implementation and its efficacy of an automated, nonintrusive, privacy-compliant vision-based system for continuous senior activity detection and
long-term health monitoring. We first show the ability of our activity classification model
to learn and classify a short video clip into the clinically-relevant activities in real-time (as
shown in Table 2). We then adapt the model to temporal activity detection task in longterm continuous videos (as shown in Table 3). Finally, we use the results of the temporal
activity detection to build daily activity timelines of the senior and generate quantitative
and qualitative descriptive analytics (as shown in Table 4, Figure 6, Figure 7, Figure 8, and
Figure 9), all of which are clinically-relevant indicators of the seniors health.
Technical Significance. Firstly, we proposed and implemented an automated, multimodal, privacy-preserving, and non-intrusive sensing system that fits well in home care
settings. Secondly, we collected and annotated a large-scale and realistic dataset in a senior
care facility. Lastly, we proposed a Convolutional Neural Networks-based model that effectively detects a wide range of activities by fusing multimodal information and generates
insightful analytics.
Clinical Significance. The system is helpful in objectively recording and analyzing longterm behaviors and capturing seniors’ health decline. It could be utilized to better identify
patients who need a medical intervention earlier and potentially could lead to better clinical
outcomes.

2. Cohort
We conduct this study in an assisted living facility for seniors, after obtaining each participant’s consent to deploy sensors in their studio apartments. The typical layout of these
rooms is detailed in Figure 9(h). We use a multimodal visual sensing setup to identify
important activities in privacy-preserving manner. At the current stage, we focus on the
following activities: sitting, standing, walking, sleeping, getting assistance, and using the
bedside commode.
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(a) An example of a frame in which thermal
data are more informative than depth data.

(b) An example of a frame in which depth
data are more informative than thermal
data.

Figure 3: A comparison that shows depth and thermal data provide complementary information. There are various scenarios in which one of the modalities is able to
capture information that the other is unable to capture. In (a), the senior is
sleeping in the bed, but is covered by blankets so is not well-distinguished from
the background by the depth sensor, whereas the thermal sensor is able to more
clearly capture the senior in the bed though body temperature. In (b), the senior
just got out of the bed and the thermal sensor captures the residual body heat on
the bed, which may be problematic for the detector, whereas this noise is absent
in the corresponding depth frame.

2.1. Multimodal Visual Sensing
While RGB cameras are standard for visual sensing in computer vision applications, they
also capture highly identifiable data and can raise privacy concerns in home care settings.
We investigate the use of a multimodal combination of privacy-preserving visual sensors for
recognizing daily activities of seniors.
One type of privacy-preserving visual sensor is depth sensors. These sensors capture
depth images where pixel values in the image indicate a calibrated distance between corresponding objects and the sensor. Over the past few years, depth based imaging has become
a popular method for scene capture, in addition to traditional RGB-based image capture.
While they do not capture appearance detail, depth images have several advantages over
color images: they are invariant to different lighting conditions, color, and texture, and they
contain rich 3D information about structures in a scene. Their lack of appearance detail
further enables them to preserve privacy, and this has motivated their use in healthcare
applications such as monitoring hand hygiene activity in hospitals (Haque et al., 2017).
Another type of privacy-preserving visual sensor is thermal sensors. In thermal images,
pixel values indicate the temperature of corresponding objects. Since the human body is
typically significantly warmer than the surrounding environment, this is particularly useful
in the context of recognizing human activities. Similar to depth images, thermal images do
not suffer in low light conditions and are invariant to color.
We use a multimodal combination of depth and thermal sensors in order to leverage
the strengths of both. In particular, we develop a visual sensing setup (Figure 2) where an
ASUS Xtion PRO depth sensor and FLIR Lepton 3 thermal sensor are mounted adjacent
5
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to each other near the ceiling of a senior home room, with a 45◦ downward viewing angle.
The depth sensor records images at 240 × 320 resolution and 30 fps, with distance range of
0.4 to 4.5 meters. The thermal sensor records images at 160 × 120 resolution and 8.8 fps,
with temperature range -10 to 65◦ C.
Figure 3 illustrates the complementary information provided by depth and thermal
sensors. For example, Figure 3(a) shows how a thermal sensor can capture human body
information despite coverage by blankets, and Figure 3(b) shows how a depth sensor can
indicate accurate volumetric occupancy of a person despite deceptive body heat signatures.
2.2. Dataset Collection and Annotation
We collected a dataset of multimodal depth and thermal video of a senior home room over
the course of 1 month, using our visual sensing setup. Collecting an actionable multimodal
video dataset for downstream training of recognition models presents several challenges that
need to be addressed.
First, when dealing with multiple modalities of data stream, there is increased strain
placed on data capture and storage resources. In our setup, depth images are relatively
larger in size, and furthermore uninformative during activities such as sleeping, as illustrated
in Figure 3. We therefore use real-time, background subtraction-based motion detection in
the depth images to determine when to capture and store depth data. In particular, once
motion is detected, the depth sensor will start recording for a minimum amount of time.
While our depth data is thus filtered, we capture thermal data continuously due to its
smaller size and footprint.
A second issue is alignment of the captured depth and thermal images, both temporally
and spatially. Since the depth and thermal sensors have different frame rates, there is
no natural alignment of the images. Instead, we use nearest neighbor matching in time to
temporally align the two modalities. For spatial alignment, a calibration and post-processing
transformation of the depth images can allow more precise alignment with the thermal
images. However, we found the rough alignment of the physically nearby sensors to be
sufficient for our needs, without requiring more computationally expensive post-processing.
In total, we collected and annotated 7 days of training data and 3 days of testing data. In
addition, we collected 14 days of continuous data for the generation of long-term descriptive
analytics. We annotated the data with 6 types of daily living activities expected to cover the
majority of the day of a senior residing in an assisted living facility, plus a background class
when the senior is out of the room. These activities are: sleeping, sitting, standing, walking,
using bedside commode, and getting assistance from a caregiver. In order to annotate the
data, we developed two types of annotation tools for efficient labeling (Figure 4): a web
interface which is more intuitive for clinicians and supports remote access, and a terminal
interface which supports faster annotation for annotators familiar with the terminal. The
data was annotated and reviewed by a total of 4 students with the supervision of our
clinicians. Statistics for the resulting dataset are given in Table 1.

3. Methods
The goal of the activity detection model is to predict an activity timeline over an extended
period given a continuous multimodal video. We approach this task by dividing the video
6
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(a) Our web annotation interface.

(b) Our terminal annotation interface.

Figure 4: We developed two annotation interfaces for different users and needs. The web
interface (as shown in (a)) is more user-friendly for people without a programming background and can access the data remotely. The terminal interface (as
shown in (b)) functions locally and is ideal for rapid annotation for people with
a programming background.

Table 1: Statistics of the classification dataset. Each frame in a video will be classified into
one of these 7 activity classes. The dataset is highly imbalanced in terms of the
frequencies and durations of different activities, which makes our problem very
challenging.
Activity
Sitting
Standing
Walking
Sleeping
Getting Assistance
Using Bedside Commode
Background
Total

Clips

Frames

Frames per clip

589
365
252
58
231
124
124

41,042
22,946
7,099
10,585
43,282
6,100
19,887

69.7
62.9
28.2
182.5
187.4
85.9
160.4

1,690

150,941

89.3

into different segments, each corresponding to one activity. Equivalently, we need to assign
an activity label to each frame in the video. We first train a model that predicts an activity
label given a short video clip (classification), then apply the classification model on the long
continuous video in a sliding-window fashion for activity detection.
This section describes our pipeline for activity classification of short video clips, temporal
activity detection of a long continuous video, and improving the performance by combining
the information of depth and thermal modalities.
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3.1. Activity Classification
We first formally define the activity classification problem: consider a K-way classification
|D
|
problem with a training set Dtrain = {(xi , yi )}i=1train , where xi ∈ RT ×H×W ×C is a video
of an activity, yi ∈ [1, K] is an integer denoting the class label, and | · | denotes the set
cardinality. Note that in our scenario, K = 7 classes and C = 1 for both depth and thermal
modalities.
Our objective is to learn a model f that minimizes the empirical risk on unseen test
|D
|
data Dtest = {(xi , yi )}i=1test :
f ∗ = arg min
f ∈F

1
|Dtest |

X

E[`(f (xi ), yi )],

(1)

(xi ,yi )∈Dtest

where F is a class of functions and ` represents the loss function. Here f (xi ) ∈ RK is the
softmax scores, i.e. the probability of each category.
In practice, the empirical risk is often optimized on the seen training data under a
specific loss. For video classification, a popular choice for ` is the softmax cross entropy
loss:
`c (f (xi ), yi ) = −

K
X

1(yi = j) log fj (xi ),

(2)

j=1

where K is the number of categories; 1 is the indicator function which equals 1 when the
condition is true and 0 otherwise; fj (xi ) is the probability score of class j.
At test time, the output prediction of an input video xi is
yˆi = arg max fj (xi ).
j

3.2. Temporal Activity Detection
Once we have a trained model f , we can apply it to long continuous videos for temporal
activity detection. Given a long continuous video X, we first segment it into L overlapping
T ×H×W ×C . Each video clip is independently
clips of T frames: X = {xi }L
i=1 , where xi ∈ R
fed into the model to obtain the clip-level softmax scores f (xi ).
Following the procedure in Montes et al. (2016), we apply a smoothing window W to
smooth the scores through time, i.e.,
1
f˜(xi ) =
W

i+W/2

X

f (xj ).

j=i−W/2

Next, we calculate the frame-level scores by averaging the softmax scores of the clips
that overlap the corresponding frame. The frame-level scores give us the final prediction
output of each frame, and they are used to calculate the frame-level mean Average Precision
(Yeung et al., 2017) for evaluation. We focus on frame-level evaluation for detection in long
continuous videos since obtaining accurate frame-level labeling and duration statistics is
desired for long-term senior health monitoring.
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3.3. Multimodal Recognition
With both depth and thermal modalities available, we can utilize a network fusion scheme
to combine the two information streams to yield better performance. Given a depth and
thermal input pair {xD , xT }, our goal is to obtain a fusion model fF such that the prediction
outputs ŷ = fF (xD , xT ) are more accurate than models trained only on a single modality,
fD and fT . We identify two general fusion strategies on multimodal data, namely: early
fusion and late fusion, as they have been shown to work well in various video analysis tasks
(Simonyan and Zisserman, 2014; Karpathy et al., 2014; Feichtenhofer et al., 2016).
Early fusion. This refers to the fusion scheme that integrates unimodal features before
learning concepts. In our experiment, we combine the two modalities directly on the pixel
level by concatenating the input data channel-wise. The model takes in the concatenated
input and is trained the same ways as a single network.
Late fusion. This refers to the fusion scheme that first reduces unimodal features to
separately learned concept scores, which are then integrated to learn concepts. In our
experiments, we first train two separate models for depth and thermal, fD and fT . At
test time, for a given video clip with two modalities (xD , xT ), we average the softmax
scores f (xD , xT ) = 21 fD (xD ) + fT (xT ) to make the final prediction. This is similar to the
two-stream activity recognition strategy used in (Simonyan and Zisserman, 2014).
This score fusion can be applied to both classification and detection tasks. As observed
in many previous work (Simonyan and Zisserman, 2014; Tran et al., 2015; Carreira and Zisserman, 2017), a simple fusion of different modalities usually yields better performance. In
Section 4.3 and 4.4, we will show that this is true for us as well. The question arises whether
early fusion or late fusion is the preferred method for senior home activity understanding.
In this paper, we discuss both multimodal fusion approaches and perform a comparative
evaluation, as shown in Table 2.

4. Results
The following sections describe the details of our experiments and results for activity classification, temporal activity detection, and interpretable qualitative and quantitative descriptive analytics of the senior’s daily activities.
4.1. Implementation Details
For our model, we use the ResNet-34 architecture (He et al., 2016). The inputs to our model
are depth and thermal video clips. The original input sizes of depth and thermal images
are 240 × 320 and 160 × 120 respectively. We scale all inputs to size 224 × 224, which is the
size required by the ResNet-34 network. We normalize all inputs by the mean and standard
deviation in the training set, which is (77.0, 20.1) for depth and (37.0, 2.1) for thermal. For
data augmentation, we only use random horizontal flipping. We initialize our network with
ImageNet pre-trained weights. Since the pre-trained checkpoint is trained on RGB images,
it has a different number of input channels. Thus, using the method from Wang et al.
(2016), we average the weights across the RGB channels and replicate this average by the
channel number. We train using SGD for 40 epochs, with batch size 8, momentum 0.9 and
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Table 2: Activity classification results in instance-level mAP. “Early fusion” and “Late
Fusion” refer to the two methods we deployed to combine multimodal information, mentioned in Section 3.3. The thermal-only model outperforms the depthonly model on 5 activity categories, while the depth-only model outperforms the
thermal-only model on 2 activity categories. The joint model using late fusion
achieves the best overall results.
Thermal

Depth

Early Fusion

Late Fusion

Sitting
Standing
Walking
Sleeping
Getting Assistance
Using Bedside Commode
Background

0.989
0.966
0.965
1.000
0.850
0.953
0.855

0.967
0.963
0.972
0.960
0.817
1.000
0.846

0.967
0.949
0.955
0.960
0.759
0.974
0.861

0.985
0.983
0.989
1.000
0.857
1.000
0.867

Mean AP

0.940

0.932

0.918

0.958

weight decay 5 × 10−4 . Our initial learning rate is 0.001, and we decay the learning rate by
a factor of 10 at epoch 20 and 30, similar to the training schedule as He et al. (2016).
For classification, we set the length of the video clips T to be 10, and at test time we
sample N = 5 clips from each video. For detection, video clip length T is also 10, the
smoothing window W is set to 5.
4.2. Evaluation Metrics
Activity Classification. We evaluate our model performance using classification accuracy
and instance-level mean average precision (instance-level mAP). Classification accuracy is
a standard metric for classification. However, since our dataset is highly imbalanced (see
Table 1), accuracy can be misleading. For example, a trivial model that simply outputs
the dominant class for every instance can still achieve a high accuracy. In this situation,
instance-level mAP is a more suitable metric. Note that mean Average Precision (mAP) is
calculated by averaging the average precision (AP) of each category, and Average Precision
(AP) is calculated as the area under the precision-recall curve.
Temporal Activity Detection. Our task is predicting dense labels of long videos, i.e.,
assigning a label for each frame. Frame-level mean Average Precision (frame-level mAP)
is a common evaluation metric and has been used in several papers (Yeung et al., 2017;
Gorban et al., 2015).
4.3. Activity Classification Results
We train our classification model on 7 days of data and test on 3 other days of data. The
results are shown in Table 2. Both the depth and thermal models achieve over 0.9 mAP.
For all classes except Walking and Using Bedside Commode, thermal outperforms depth
10
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Table 3: Temporal activity detection results in frame-level mAP. We achieve 0.903 framelevel mean AP across all 7 activity classes (6 activities + background).
Late Fusion
Sitting
Standing
Walking
Sleeping
Getting Assistance
Using Bedside Commode
Background

0.940
0.910
0.717
0.947
0.994
0.995
0.991

Mean AP

0.903

modality. This is expected since it is easier to locate the senior’s location in a thermal video
by body temperature. The confusion matrix (Figure 3(a)) gives some interesting insights.
The most common mistake is confusion between Background with Getting Assistance, since
there are often caregivers in the room for these actions. Another reasonable mistake is
confusing the class standing with the class walking, as the definitions of these two activities
are sometimes ambiguous (e.g. when the senior is standing but slightly shifting the feet).
The late fusion of depth and thermal modalities achieves the best results, which is consistent with previous work (Simonyan and Zisserman, 2014; Tran et al., 2015; Carreira and
Zisserman, 2017). This shows that different modalities provide complementary information,
which improves performance when combined together. Interestingly, early fusion does not
improve model performance.
4.4. Temporal Activity Detection Results
We evaluate our model on 3 days of long continuous videos. Table 3 shows the results of
temporal activity detection, and Figure 3(b) shows the corresponding confusion matrix. We
show the frame-level mean Average Precision (AP), as well as the AP values for individual
action classes. Our model achieves over 0.9 mAP for all classes except for the class Walking.
This allows us to build an accurate activity timeline of the senior, and calculate significant
healthcare analytics, which will be discussed in the next section.
4.5. Descriptive Analytics
We then provide various qualitative and quantitative descriptive analytics of the senior’s
activities from the temporal activity detection results on 14 consecutive days of continuous unlabeled data. These qualitative and quantitative analytics provide useful clinical
information that can be interpreted by a caregiver.
Duration and Number of Instances of Activities. The activity timeline allows us to
easily calculate duration and number of instances of activity, which can be used to further
extract useful information. In Table 4, we show the mean and standard deviation of the
11

Long-Term Descriptive Analytics of Seniors’ Daily Activities

(a) The confusion matrix of activity classification results in Table 2.

(b) The confusion matrix of temporal activity detection results in Table 3.

Figure 5: Confusion matrices of activity classification and temporal activity detection across
different classes.

Table 4: Mean and standard deviation of total daily duration and number of instances of
each activity. As expected, the class sleep has the longest average duration and
the class using bedside commode has the shorted average duration.
Activity

Duration (min)

# instances

Sitting
Standing
Walking
Sleeping
Getting Assistance
Using Bedside Commode

81.75 ± 30.06
27.23 ± 7.84
4.76 ± 1.01
626.11 ± 25.90
114.01 ± 34.98
1.69 ± 1.99

82.36 ± 67.28
70.71 ± 16.52
54.50 ± 11.10
28.86 ± 18.13
68.93 ± 31.05
2.86 ± 4.76

total daily duration and number of daily instances of each activity. In Figure 6, we show the
duration of sleep across 14 days. These results allows caregivers to easily observe changes
over time or anomalous behavior, e.g. less sleep than normal or using bedside commode
more frequently than normal.
Transitions between Activities. We also calculate the average number of transitions
between activities in Figure 7. The number of transitions is a good indicator of how active
the senior is throughout the day. Some interesting examples include how fragmented the
senior’s sleep is (Sleeping → Sitting), and how many times the senior stands up (Sitting →
Standing).
Temporal Heatmap. As shown in Figure 8, we provide a temporal heatmap for each
activity, which displays the average temporal density of the activity across a 24 hour period.

12
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Figure 7: Average number of transitions
per day between activities.

Figure 6: Duration of sleep across 14 days.

Figure 8: The temporal heatmap of each of the 7 activity classes (6 activities + background). At a certain time, the darker the color is, the more frequently the
corresponding activity was performed, averaged across 14 days.

Temporal Heatmap provides information about the habits of the senior, and it also allows
caregivers to monitor changes in the senior’s daily living patterns.
Spatial Heatmap. In Figure 9, for each activity we provide a spatial heatmap indicating
average physical location of the senior for that activity. We generate the spatial heatmaps
by performing background subtraction with the thermal data to segment out the senior from
the background. A segmentation of a background frame is given in Figure 9(h) to provide
a clear visualization of the room layout. This provides a visualization of the locations in
which the senior performs each activity. Note that for the background class, even though
the senior is not present, caregivers sometimes come in the room and thus detected by our
algorithm.

13
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(a) Sitting.

(b) Standing.

(c) Walking.

(e) Getting assistance. (f) Using bedside commode. (g) Background.

(d) Sleeping.

(h) Room layout.

Figure 9: The spatial heatmap of each of the 7 activity classes (6 activities + background).
The area highlighted in red corresponds to the area where the activity happened
most frequently. (h) shows the background room layout for reference.

5. Discussion and Related Work
Most of the existing approaches to activity monitoring require wearable devices (GonzálezValenzuela et al., 2011; Lee and Carlisle, 2011; Park and Jayaraman, 2003), but due to
their required adherence and other sensor limitations, there has been little evidence that
these approaches improve health outcomes or quality of life. Non-intrusive vision-based
approaches based upon stationary cameras or sensors may allow passive detection of important activities. A number of such vision-based approaches have also been developed for
automated senior health monitoring, many of which are specifically for fall detection (Zhang
et al., 2015). While these approaches are important for identifying critical acute conditions,
they have not focused on detecting deviations from normal behaviors – another important
category of activities. Parajuli et al. (2012) used Kinect depth sensors to detect sitting,
standing, and normal and abnormal walking. However, they did not include other clinicallyrelevant activities such as sleeping and using the bedside commode. Furthermore, their
data was simulated by researchers and may not be representative of real-world senior data
from senior homes. Cheng et al. (2014) performed temporal activity detection of various
14
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clinically-relevant activities on RGB videos, which is usually impractical because of privacy
considerations. Xiang et al. (2015) performed person tracking and posture recognition by
using multiple RGB cameras, which could be costly and intrusive to the seniors. To our
knowledge, this study is the first automated, privacy-compliant, vision-based system for
continuous senior activity detection and long-term health analysis.
Our study introduces a system that accurately monitors clinically-relevant daily activities of seniors. We have introduced a newly collected activity classification and detection
dataset with depth and thermal modalities, and our model achieves excellent results on both
activity classification and continuous temporal activity detection tasks. Furthermore, we
have provided interpretable qualitative and quantitative descriptive analytics of the senior’s
daily activities over a long period. This analytics can allow caregivers and medical professionals to more efficiently identify patterns of abnormal activity that might be representative
of health concerns.
In our future work, we aim to diversify the dataset by incorporating data from more
seniors and room layouts. This allows us to improve the robustness of our model and
provide more accurate descriptive analytics across different sites and settings. We also plan
to include gait, posture analysis as well as fall detection in our system.
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