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Abstract:
Human action recognition is important for health monitoring,

home-based rehabilitation, and daily behavior analysis. In partic-
ular, robust recognition of activities of daily living (ADL) in realis-
tic home-like environments is a fundamental step toward practical
support for elderly care, daily life monitoring, anomaly detection,
and lifelog analysis. However, recognizing ADL in such environ-
ments remains challenging because of constrained space, cluttered
backgrounds, furniture occlusion, limited viewpoints, and confu-
sion among visually similar actions. To address this issue, this
study constructs a self-collected Trailer Living Lab (TLL) ADL
Dataset in a compact home-like environment. Based on a CNN-
LSTM baseline with temporal attention, a discrete cosine trans-
form (DCT) branch is introduced to enhance temporal represen-
tation from a frequency-domain perspective. Experiments under
a cross-person setting show that the proposed method improves
ADL recognition performance on the TLL ADL Dataset, provid-
ing a useful recognition component for future elderly behavior
monitoring and long-term lifelog-based analysis.
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1. Introduction

Human action recognition is important for health monitor-
ing, home-based rehabilitation, and daily behavior analysis [1].
In particular, recognizing activities of daily living (ADL) in
home environments is essential for evaluating functional sta-
tus and supporting independent living and rehabilitation [2, 3].
ADL understanding is also crucial for elderly care and long-
term monitoring, as continuous observation of daily activities
can support health management and daily rhythm regulation

[4].
Compared with laboratory settings or public benchmark

datasets, ADL recognition in realistic home environments is
more challenging due to constrained space, cluttered back-
grounds, furniture occlusion, limited viewpoints, and confusion
among visually similar actions [3, 5]. Many public datasets fo-
cus on sports or generic behaviors, such as UCF101, HMDB51,
and Kinetics [6, 7, 8], and cannot fully represent real house-
hold scenarios. From the viewpoint of elderly care, robust ADL
recognition is not only a pattern recognition problem but also a
key component for life log analysis and anomaly detection [9].

To address these issues, this study constructs the Trailer Liv-
ing Lab (TLL) ADL Dataset in a compact home-like environ-
ment. Based on a CNN-LSTM baseline with temporal atten-
tion [2, 10], a DCT branch is introduced to complement time-
domain modeling with frequency-domain motion information
[11, 12]. Experiments under a cross-person setting demon-
strate the effectiveness of the proposed method on the TLL
ADL Dataset.

2. Related Work

Video-based human action recognition has been widely stud-
ied for surveillance, intelligent interaction, rehabilitation, and
behavior analysis [1]. Existing approaches include CNNs for
spatial feature extraction, LSTMs for temporal modeling, and
3D CNN or attention-based methods for spatiotemporal learn-
ing [10, 14, 15]. Although these methods achieve strong per-
formance on benchmark datasets such as UCF101, HMDB51,
and Kinetics [6, 7, 8], ADL recognition in realistic home envi-
ronments remains challenging.

Datasets such as Charades and Toyota Smarthome empha-
size daily action recognition in household scenes [5, 3]. Previ-
ous studies in our laboratory also explored daily life monitor-



ing and life log analysis for elderly care based on information-
ally structured space (ISS) [4, 9], motivating this work from the
perspective of future support systems. In addition, frequency-
domain features can complement temporal modeling by cap-
turing global motion trends and reducing sensitivity to local
disturbance [11, 12].

Motivated by these studies, this work introduces a DCT-
based frequency branch into a CNN-LSTM framework for
ADL recognition in a compact home-like environment, while
comparisons with more advanced models such as 3D CNNs
and Transformers are left for future work.

3. Proposed Method

3.1. Method Overview

Fig. 1 shows the overall architecture of the proposed frame-
work. Given an input video clip, a fixed number of frames
are uniformly sampled and sequentially fed into a CNN-LSTM
backbone. The CNN extracts frame-wise visual features, and
the LSTM models temporal dependencies to produce shared
sequence features.

Based on this shared representation, two branches are con-
structed. A temporal attention branch emphasizes informa-
tive time steps and produces a temporal feature, while a DCT
branch transforms the sequence into the frequency domain and
extracts low-frequency motion information. The two features
are fused and fed into a fully connected layer for final action
classification.

3.2. CNN-LSTM Baseline with Temporal Attention

As the backbone architecture, this study adopts a CNN-
LSTM framework for joint spatial-temporal modeling. A
ResNet18 backbone is used to extract high-level spatial features
from individual frames, while the LSTM captures temporal de-
pendencies across the frame sequence. As shown in Fig. 1,
the sequence feature produced by the CNN-LSTM backbone is
further processed by a temporal attention branch, which adap-
tively assigns different weights to different time steps and al-
lows the model to focus on more informative parts of the action
sequence.

Let the input clip be represented as

X = {x1, x2, . . . , xT } (1)

where T denotes the number of sampled frames and xt is the
t-th frame.

Each frame is first mapped into a spatial feature vector by
the CNN:

vt = fCNN(xt), t = 1, 2, . . . , T (2)

where vt ∈ RD denotes the feature representation of frame xt,
and D is the feature dimension.

These frame-wise features are then arranged in temporal or-
der and fed into the LSTM:

ht = fLSTM(vt, ht−1), t = 1, 2, . . . , T (3)

where ht is the hidden state at time step t, summarizing the
temporal information up to the current frame.

To aggregate temporal information more effectively, an at-
tention mechanism is applied over all hidden states. First, an
attention score is computed for each time step:

et = fatt(ht) (4)

The scores are normalized by the softmax function to obtain
temporal attention weights:

αt =
exp(et)∑T
i=1 exp(ei)

(5)

Then, the clip-level temporal representation is obtained as a
weighted sum of all hidden states:

ftemp =

T∑
t=1

αtht (6)

For the baseline model, the aggregated temporal feature is
directly fed into a fully connected layer followed by softmax
for action classification:

ŷbase = Softmax(Wbaseftemp + bbase) (7)

where Wbase and bbase are trainable parameters, and ŷbase de-
notes the predicted class probability distribution of the baseline
model.

Compared with using only the final hidden state, temporal
attention enables the model to emphasize more discriminative
frames and is therefore adopted in the baseline model.

3.3. DCT-Based Frequency Branch

To further enhance the baseline model, this study intro-
duces a DCT-based frequency branch. As shown in Fig. 1, the
DCT branch takes the shared sequence feature generated by



FIGURE 1. Overall architecture of the proposed action recognition framework. Input video frames are first processed by the CNN and LSTM to obtain
shared sequence features. Then, a temporal attention branch and a DCT branch extract complementary temporal and frequency-domain representations,
respectively. The fused feature is finally used for multi-class action classification.

the CNN-LSTM backbone and transforms it into a frequency-
domain representation. Instead of applying frequency analysis
directly to raw image pixels, the proposed method performs
DCT on the temporal feature sequence at a more semantic level
while keeping the branch lightweight.

Let the CNN feature sequence be represented as

V = {v1, v2, . . . , vT }, vt ∈ RD (8)

where T is the number of sampled frames and D is the feature
dimension.

For each feature dimension, DCT is applied along the tempo-
ral axis to transform the sequence from the time domain into the
frequency domain. The transformed coefficient at frequency in-
dex k is defined as

ck =

T∑
t=1

vt cos

[
π

T

(
t− 1

2

)
k

]
, k = 0, 1, . . . , T − 1 (9)

where ck denotes the DCT coefficient corresponding to the k-th
frequency component.

After transformation, only the first K low-frequency compo-
nents are retained:

C = {c0, c1, . . . , cK−1}, K < T (10)

because low-frequency components mainly represent the global
motion trend and rhythmic characteristics of an action se-
quence, whereas high-frequency components are more likely
to reflect local variations or noise.

The retained frequency-domain representation is then pro-
jected into a compact feature space:

fdct = ϕ(C) (11)

where ϕ(·) denotes a learnable projection layer.
This branch complements the attention-based temporal rep-

resentation by providing frequency-domain information about
global motion trends and rhythmic patterns.

3.4. Feature Fusion and Classification

After the temporal and frequency-domain features are ob-
tained from the two branches shown in Fig. 1, they are fused
to form a more complete representation of the input action se-
quence. The temporal feature generated by the temporal at-
tention branch captures sequential dependency and informative
time-step weighting, while the DCT-based feature provides in-
formation about global motion trends and rhythmic patterns. In
this study, the two features are combined at the feature level by
concatenation:

ffusion = [ftemp; fdct] (12)

where ftemp denotes the temporal attention feature and fdct
denotes the frequency-domain feature.

The fused representation is then fed into a fully connected
classification head to predict the action category:

ŷ = Softmax(Wffusion + b) (13)

where W and b are trainable parameters, and ŷ denotes the pre-
dicted class probability distribution of the proposed model.

Through this design, the model jointly exploits complemen-
tary information from the time and frequency domains, which
helps improve recognition robustness for actions with similar
visual appearance but different temporal patterns.



4. Dataset Construction

4.1. Dataset Overview

FIGURE 2. Overview of the TLL environment and representative ADL
classes.

The Trailer Living Lab (TLL) ADL Dataset is a self-built
dataset for action recognition in a realistic compact home-like
environment. Compared with ordinary laboratory settings, TLL
involves stronger spatial constraints, furniture occlusion, and
viewpoint limitations, making recognition more challenging
and closer to real home scenarios. The dataset contains 16
action classes and was collected from 8 participants, provid-
ing a benchmark for cross-person ADL recognition in compact
home-like environments.

4.2. Data Acquisition and Preprocessing

The raw videos were recorded using an iPhone 15 from mul-
tiple fixed viewpoints in TLL. Each participant continuously
performed all 16 actions in a single session, and the long videos
were manually segmented into action-specific clips.

Each clip was further divided into 5-second segments with
50% overlap. For model input, a fixed number of frames were
uniformly sampled from each clip, resized to 224×224, nor-
malized using the ImageNet mean and standard deviation, and
augmented by random horizontal flipping. The dataset was or-
ganized in a cross-person manner, where the training, valida-
tion, and test sets were split by participant identity.

5. Experiments

5.1. Experimental Settings

Experiments were conducted on the self-built TLL ADL
Dataset under a cross-person setting, where the data were split
into training, validation, and test sets according to subject iden-
tity to evaluate generalization to unseen subjects. The final
splits contained 5150, 934, and 1952 clips, respectively.

For each clip, 16 frames were uniformly sampled and re-
sized to 224 × 224. Standard preprocessing and augmentation,
including normalization and random horizontal flipping, were
applied during training.

The models were implemented in PyTorch and trained using
the Adam optimizer with an initial learning rate of 1×10−4 and
a batch size of 32. A learning-rate scheduler and early stopping
(patience = 8) were used, and the model with the best validation
accuracy was selected.

Two models were compared: a CNN-LSTM baseline with
temporal attention and the proposed DCT-enhanced variant.
ResNet18 was used for spatial feature extraction, and LSTM
modeled temporal dependencies. The proposed model addi-
tionally introduced a DCT branch, with k = 8, feature dimen-
sion d = 256, fusion weight α = 1.0, and dropout rate 0.2.
The temporal and DCT features were fused before classifica-
tion into 16 ADL classes.

Performance was evaluated using Accuracy, Precision, Re-
call, and F1-score, with confusion matrices for detailed analy-
sis.

5.2. Recognition Results

Table 1 summarizes the overall recognition performance of
the baseline model and the tested DCT-enhanced variants on
the TLL ADL Dataset. Compared with the baseline model,
both DCT-based variants achieved better overall performance,
indicating that frequency-domain enhancement provides use-
ful complementary information beyond temporal attention.
Among the tested settings, the model with k = 8 achieved the
best performance and was selected as the final proposed model.

TABLE 1. Overall recognition performance on the TLL ADL Dataset.

Model Acc. (%) Prec. (%) Rec. (%) F1 (%)
CNN-LSTM (Baseline) 68.39 77.41 67.77 68.07
CNN-LSTM + DCT
(k = 4)

74.03 80.23 74.62 73.83

CNN-LSTM + DCT
(k = 8, Proposed)

75.77 80.67 75.59 76.06

Specifically, the final proposed model improved the accu-
racy from 68.39% to 75.77%, while the F1-score increased



FIGURE 3. Confusion matrix of the baseline CNN-LSTM model under
cross-person evaluation.

from 68.07% to 76.06%. Precision and recall also improved
from 77.41% and 67.77% to 80.67% and 75.59%, respectively.
These results indicate that the additional DCT branch provides
useful complementary information beyond temporal attention
by capturing motion tendency and temporal regularity.

5.3. Ablation and Analysis

To further analyze the proposed method, this subsection ex-
amines the contribution of the DCT branch. The comparison
between the baseline model and the proposed model confirms
the effectiveness of frequency-domain enhancement. While the
baseline model focuses on time-domain temporal modeling, the
proposed model additionally captures low-frequency motion
trends and rhythmic characteristics through the DCT branch.
The variant with k = 4 achieved 74.03% accuracy and 73.83%
F1-score, while the k = 8 variant achieved the best overall per-
formance with 75.77% accuracy and 76.06% F1-score.

Fig. 3 shows the confusion matrix of the baseline model,
where confusion remains for visually similar or transition-
related actions such as Sitting/SitDown and Standing/StandUp.
Fig. 4 shows the confusion matrix of the proposed model.
Compared with the baseline, the proposed model achieves a
more balanced pattern and reduces confusion among these cat-
egories, indicating that the DCT branch helps capture tem-
poral transitions. However, confusion still exists for actions
with similar contexts, such as Drinking/Eating and Wash-
Face/WashHands, suggesting that further spatial-temporal

FIGURE 4. Confusion matrix of the proposed CNN-LSTM + DCT model
under cross-person evaluation.

modeling is needed.

6. Discussion and Conclusion

The experimental results indicate that the proposed CNN-
LSTM with temporal attention and DCT framework is effec-
tive for ADL recognition in a compact home-like environment,
consistently outperforming the baseline. This demonstrates that
frequency-domain enhancement provides useful complemen-
tary information to time-domain temporal modeling.

The proposed method is particularly effective for actions that
are visually similar but differ in motion trend or temporal con-
tinuity. Class-wise analysis suggests that the DCT branch im-
proves recognition of transition-related actions, although the
improvement is not uniform across all categories.

Several limitations remain. The current dataset is relatively
limited in scale, and the generalization ability of the frame-
work should be validated on larger datasets. Although the DCT
branch improves overall performance, confusion still exists for
actions with similar contexts. In addition, this study focuses on
comparing the CNN-LSTM baseline with the DCT-enhanced
variants, while comparisons with more advanced architectures
such as 3D CNNs and Transformers are left for future work.

In conclusion, this study proposes a CNN-LSTM with tem-
poral attention and DCT framework for ADL recognition in
TLL, demonstrating the effectiveness of combining temporal
attention with frequency-domain motion representation under
realistic conditions.
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