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Abstract - This research introduces a unified framework for human activity recognition that integrates global temporal characteristics,
local spatial information, and trajectory shape cues. Trajectory shapes are extracted by tracking key points using a Motion History Image
(MHI) as a mask, eliminating the need for unreliable key-point and trajectory tracking. The selected key points from both the intensity
image (local spatial information) and the MHI (global temporal information) are represented using the Histogram of Directional
Derivative (HODD) descriptor, which effectively captures their visual and structural attributes. The combined feature representation
is encoded through a Bag-of-Visual-Words (BoVW) model, and classification is performed using a multiclass Support Vector Machine
(SVM). Extensive experiments on four benchmark datasets—URADL, KTH, Weizmann, and UCF101—yield accuracies of 95.4%, 95.83%,
100%, and 89%, respectively, demonstrating robustness to illumination changes, occlusion, and background clutter, and outperforming
several state-of-the-art methods. Overall, the proposed framework offers a computationally efficient and highly discriminative solution
for human activity recognition by effectively fusing trajectory shape, spatial, and temporal descriptors.
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1. INTRODUCTION

In the field of computer vision, Human Activity Rec-
ognition (HAR) is highly significant due to its diverse
applications in video analysis [1], automated surveil-
lance [2], human-computer interaction [3], and elderly
care. Multiple studies highlight the importance of pro-
viding effective solutions for senior individuals who
live independently and alone. However, HAR is still
considered a challenging task within the computer vi-
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sion community due to the heterogeneous nature of
video sequences. Furthermore, representing videos
captured in unconstrained environments poses several
challenges, including occlusion, viewpoint variation,
and background clutter.

A wide range of methodologies—from statistical mod-
els to deep learning networks—have been developed for
HAR. Generally, HAR techniques can be categorized into
two major groups: global feature—based approaches and
local feature-based approaches. Local feature-based
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techniques operate on video sequences using spatio-
temporal interest point detectors and descriptors, where-
as global feature-based techniques utilize appearance,
direct motion patterns, silhouette information, and shape
cues. Among these, local spatio-temporal feature—based
methods [4], [5], [6] have achieved remarkable progress,
often requiring comparatively less complex preprocess-
ing. These features are especially effective because they
encode rich motion information from the video.

In recent years, multiple-feature fusion techniques
[71, [8] have gained attention, as they often outperform
single-feature approaches. Despite the promising ad-
vancements, more robust techniques are still needed
to address (i) unreliable tracking of key points caused
by object motion unrelated to the primary action, and
(ii) the difficulty in representing complex activities un-
der noise and varying illumination conditions.

To address these issues, we propose a novel activity rec-
ognition framework with the following key contributions:

+ To mitigate unreliable key-point tracking and
trajectory instability, we employ Motion History
Images (MHI) as a masking technique.

« To effectively represent complex activities, we
combine trajectory-based local motion informa-
tion with spatial key-point intensity features and
temporal MHI features using the HODD descriptor.

An outline of the paper is as follows: Section 2 pres-
ents a review of existing descriptors. Section 3 describes
the proposed feature extraction method and the inte-
gration of heterogeneous feature descriptors. Section 4
provides experimental results on the URADL activities-
of-daily-life dataset [9], the KTH dataset [10], and the
Weizmann dataset [11]. Section 5 concludes the paper.

2. LITERATURE REVIEW

Over the past decade, numerous computer vision
techniques and strategies have emerged within the
field of Human Activity Recognition (HAR). These
methods rely on discriminative visual features ex-
tracted from action sequences and are broadly cat-
egorized into global and local representations. Global
feature-based techniques use shape, appearance, sil-
houette cues, and direct motion information. Bobick
and Davis [12, 13] introduced Motion History Images
(MHI) for representing global spatio-temporal motion,
where templates are constructed by aggregating the
temporal history of motion at individual pixels to cap-
ture overall motion dynamics. Du-Ming Tsai et al. [14]
extended this idea by constructing MHI using optical
flow magnitude at each pixel. Islam S. et al. [15] utilized
silhouette shape as a global descriptor, applying opti-
cal flow along the silhouette boundary to encode mo-
tion. Global descriptors are computationally efficient
and simple to implement because they avoid explicit
keypoint tracking; however, they are highly sensitive to
lighting variations, background clutter, occlusion, and
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viewpoint changes, which can distort silhouette and
motion cues.

To overcome these limitations, a second major class of
action representation focuses on local features [16-18].
These approaches analyze localized regions to capture
motion, appearance, and spatio-temporal characteris-
tics that are often missed by holistic descriptors. Local
techniques frequently outperform global ones, particu-
larly in cluttered or dynamic environments. Trajectory-
based methods [19-24] have gained considerable atten-
tion, as they track key points across successive frames
and extract long-term motion patterns that provide
powerful cues for action differentiation. Despite their
advantages, local and trajectory-based approaches may
capture insufficient structural context, are computation-
ally demanding, and can perform poorly when motion
is weak or uniform. To address these drawbacks, hybrid
techniques [25, 26] combine local representations with
global structural information.

Many hybrid models demonstrate the effectiveness
of integrating complementary cues. Ahmad M. and S.
W. Lee [27] combined motion and shape features us-
ing invariant moments and global optical flow. Tian et
al. [28] fused local intensity-based interest points with
global MHI features, enabling effective action recogni-
tion in crowded scenes. Zhao D. et al. [29] represented
structural and appearance information using HOG3D
to describe spatio-temporal interest points. Yu et al. [30]
combined keypoint trajectories with local descriptors
such as HOG and MBH. Luvizon D. C. et al. [31] merged
spatial and local temporal features using a metric learn-
ing framework. These hybrid and fusion-based frame-
works produce more robust and discriminative repre-
sentations by leveraging the strengths of both global
structure and local motion cues, although they often
require large datasets, careful feature weighting, and
may be susceptible to redundancy or overfitting.

In recent years, significant advances in HAR have
been driven by deep learning, transformer-based vid-
eo models, multimodal fusion, and vision-language
foundation architectures. Tong et al. [32] introduced a
self-supervised training strategy for video data using
heavy spatio-temporal masking on Vision Transformers
(ViT). This approach is data-efficient and transferable to
small datasets but requires substantial computational
resources and is sensitive to masking ratios. Garg et al.
[33] proposed a hybrid CNN-LSTM framework that ef-
fectively integrates spatial and temporal cues, achiev-
ing strong performance on KTH and UCF datasets but
demonstrating limited scalability to complex real-
world scenes. Morshed et al. [34] presented a structured
taxonomy classifying HAR methods into handcrafted,
hybrid, and deep learning approaches, highlighting
emerging multimodal trends but offering limited cri-
tique of transformer-based models. Sdnchez-Caballero
et al. [35] developed a ConvLSTM-based model opti-
mized for depth-only HAR, providing low-latency and
privacy-preserving inference suitable for embedded
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systems, though dependent on depth sensor quality
and less effective for appearance-based tasks. Hu et
al. [36] proposed an attention-based fusion network
combining RGB, skeleton, and optical flow data, yield-
ing improved robustness but incurring high runtime
complexity and requiring multimodal data availability.
Zhang, Li, and Xu [37] adapted CLIP and other founda-
tion models for HAR to enable zero-shot and few-shot
learning, improving generalization and label efficiency
at the cost of significant computational overhead and
challenges in modeling fine-grained temporal details.

Recent research further highlights the value of mul-
timodal fusion, hierarchical modeling, and interpre-
table handcrafted features. Kamble and Bichkar [38]
presented a hierarchical framework that models body-
part interactions to improve semantic understanding
of complex activities. Their architecture uses region-
level motion cues to infer full-body actions, offering
enhanced interpretability and strong performance un-
der occlusion but requiring accurate pose estimation
and segmentation. Compared with their method, our
proposed approach captures integrated spatio-tempo-
ral information from trajectories and MHI descriptors
without explicit segmentation, providing better gener-
alization across viewpoints.

S. Abraham and R. K. James [39] investigated the use
of handcrafted spatio-temporal features combined
with attention-based RNN models, showing that hand-
crafted descriptors can complement deep learning ar-
chitectures to provide interpretability and competitive
accuracy. Their method, however, depends on high-
quality feature engineering and struggles with long-
term temporal dependencies—challenges that our
approach addresses by integrating trajectory-based
motion cues with temporal MHI structure.

Finally, D. S. Korti and Z. Slimane [40] proposed an
HAR framework using micro-Doppler radar signatures,
employing feature concatenation and augmentation
for robust recognition in noisy and privacy-sensitive
environments. Although radar-based, their findings re-
inforce the importance of multi-feature fusion and ro-
bust representation learning, aligning with our motiva-
tion to combine complementary spatial and temporal
cues for improved action recognition.

3. METHODOLOGY

The suggested action recognition framework is
shown in Fig. 1.

It.enhances Human Activity Recognition by effective-
ly combining trajectory-based features with both local
(spatial) and global (temporal) features. The framework
consists of three main components—feature extrac-
tion, feature description, and action recognition.

A technique presented by Tian Y. et al. [29] is used in
the feature extraction procedure to efficiently separate
spatial and temporal data. Temporal information is gen-
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erated through the creation of an MHI [12, 13], while
spatial information is extracted from 2D Harris corners
in the initial images. In the feature descriptor stage,
we propose integrating trajectory-based features with
local features (2D Harris corner points in intensity im-
ages) and global features (2D Harris corner points in
MHI images) to form a unified final feature vector. The
global and local features are characterized using the
newly adopted HODD descriptor [41] in the MHI and
intensity images, respectively. To compute trajectories,
2D Harris corner points are tracked as key points using
the traditional Lucas—Kanade-Tomasi (KLT) tracker [42].

*—
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Fig. 1. Proposed system for human action Recognition

To address the problem of inconsistent tracking of
key points, the MHI is utilized as a masking mechanism,
ensuring that only action-related motions contribute to
the trajectory computation. These trajectories are then
characterized based on their distinct motion-shape at-
tributes. The resulting feature descriptor is created by
combining three components:

(i) HODD descriptors of key points in the intensity im-
age, (i) HODD descriptors of key points extracted from
the MHI ,and (iii) trajectory-shape features derived
from the tracked key points.

Subsequently, k-means clustering is applied to all ex-
tracted descriptors to construct a Bag-of-Visual-Words
(BoVW) model for the training videos. Using Euclidean
distance as the similarity metric, the cluster centers (vi-
sual words) represent each feature descriptor. Conse-
quently, each training video sequence is encoded as a
BoVW histogram. The testing phase follows the same
procedure as the training phase, where each testing
video is assigned a BoVW representation using the pre-
computed visual vocabulary.
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In the final stage, a Support Vector Machine (SVM)
classifier is employed to categorize the testing video
sequences. The subsequent subsections provide a de-
tailed description of the complete HAR framework.

3.1. FEATURE EXTRACTION

3.1.1. Motion history image (MHI)

The MHI functions as a compact motion template for
static 2D images that is derived from spatio-temporal
(3D) information in an image sequence. The MHI com-
presses temporal motion patterns into a single image,
where the intensity of each pixel corresponds to the
recency and frequency of motion. It is generated by
computing consecutive frame differences, which are
accumulated to form temporal layers merged into one
static intensity image.

MHI is constructed using the following definition

givenin [12]
Tif 1(i,j,t)=1

MHI, = {m({x(((),{l/ll-;lr(i,j,t - 1) — 1),otherwise (1)

In this formulation, the binary image I (i, j, t) is com-
puted as the frame-difference map between successive
images, and the parameter t represents the temporal
duration of motion accumulation. MHI is known to be
robust against noise, partial occlusion, missing body
parts, and shadows [43]. Since it encodes the entire
temporal motion history into a single 2D matrix, the
representation is computationally efficient and well-
suited for dynamic motion characterization. The con-
struction process of the MHI is illustrated in Fig. 2. Fig.
2(a) represent a sample frame depicting the activity
‘answering a phone call’ The resulting MHIs, however,
may contain noise, making preprocessing and noise-
removal steps essential before further analysis.

The construction of the MHI is shown in Fig. 2. Fig. 2(a)
illustrates a representative frame of the action "drinking
water," while Fig. 2(b) displays the corresponding MHI.
The presence of noise in the generated MHIs highlights
the need for preprocessing to remove unwanted arti-
facts. First, an opening operation is applied to eliminate
background noise caused by variations in illumination
and lighting conditions. Next, blob analysis is performed
to determine the size of each connected component in
the MHI. Blobs with an area of approximately 10 x 10
(100) pixels are removed to suppress insignificant mo-
tion regions. The final, noise-reduced MHIs obtained af-
ter these preprocessing steps are shown in Fig. 2(d)

(a)
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(b)

()

(d)

Fig. 2. lllustration of construction of MHI (a)
representative frame of drinking water (b) MHI of
drinking water. (c) MHI after opening operation. (d)
MHI after blob analysis

3.1.2. Detection of Key Points

Over the past decade, several spatio-temporal inter-
est point detectors have emerged in computer vision,
demonstrating strong performance in action recogni-
tion tasks [16]. We utilized the well-known 2D Harris
corner detector [44] to extract interest points from the
video sequence. Due to its invariance to illumination
changes, rotation, and moderate scale variations, it be-
comes more suitable for action recognition. The local
auto-correlation of the image function I (x, y) is calcu-
lated to determine the interest points. In this approach,
a little shift in either direction of the image function IM
(i, j)is analysed.

It is defined as follows.

C(u' U) o= Zi,j M(l'])

M@ +w,j+u) —IM®,)]? o

Following the detection of key points, a standard
KLT tracker is employed to track them across consecu-
tive video frames. To address issues with unreliable key
points and noisy or unstable trajectories, the MHI is
used as a masking mechanism during tracking. In our
implementation, key points are tracked over a range of
15 to 30 frames.
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Fig. 3(a) shows the trajectories of tracked key points
without MHI as mask for the activity "answer a phone
call" Fig. 3(b) displays the trajectories of key points with
the MHI mask applied, and it shows that the unreliable
trajectories are effectively removed.

(b)

Fig. 3. Example of tracked key points with and
without MHI a mask (a) tracked key points without
MHI (b) tracked key points with MHI mask

3.2. FEATURE DESCRIPTOR

HODD and MHI-HODD feature
descriptor

3.2.1.

Within the literature, Histogram of Oriented Gradi-
ent (HOG) and Histogram of Optical Flow (HOF) feature
descriptors are extensively utilized in human detection
and action recognition [45-47]. HOG constructs a his-
togram of gradient vectors by quantizing their orien-
tations, effectively capturing structural details along
edges. Motivated by the limitations of HOG and HOF
in capturing richer directional information, we imple-
mented HODD, which extracts not only appearance
and structural information but also directional infor-
mation along multiple orientations defined by a unit
vector, in addition to the normal direction. In our pro-
posed framework, HODD describes the local structure
and appearance characteristics of both the MHI and
the intensity image. The calculation of HODD is per-
formed by assessing the directional derivative along a
unit vector v, as presented in the following equation:

DDyf(a) = (Vf(a),v) 3)

D=a.cos 0 +a,sinf—nw<o<m (4)

Each key point in the MHI and the intensity image
is characterized by a neighbourhood window of size
w, Wy)centered at the key point. This window is fur-
ther divided into non-overlapping sub-windows of
size (m,, my). In the proposed method, we select only
those tracked key points exhibiting recent motion (MHI
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intensity > threshold) for descriptor computation, en-
suring the use of motion-relevant regions. The local ap-
pearance and motion information are then described
using HODD at each selected key point in both the MHI
(illustrated in Fig. 4) and the intensity image.

In our experiments, we set the window size to 32 x
32 and the sub-window size to 8 x 8. We utilized 9 bins
for the HODD computed on the intensity image and an
additional 9 bins for the HODD computed on the MHI.
The final feature vector was formed by concatenating
and normalizing the histograms of all sub-windows, re-
sulting in a compact yet discriminative representation.

3.2.2. Trajectory shape descriptor

To depict the shape of trajectories, we adopted a shape
descriptor introduced by Wang et al. [47], which is spe-
cifically designed to capture fine-grained local motion
variations along the trajectory path. In our approach, in-
terest points were monitored over a timeframe ranging
from 15 to 30 frames. Describing the trajectory’s shape,
with a length of L, involves representing it through a se-

quence of displacement vectors @av,...Av._ ), where:

AV = (Vi1 = Vi) = (w1 — Ly Jee1 — Je) (5)

The length of the feature vector is therefore 2xL for a
trajectory consisting of L points. By integrating the nor-
malized appearance and structural descriptors (HODD
from the intensity image) with the temporal descrip-
tor (MHI-HODD) and the motion descriptor (trajectory
shapes), we construct a unified composite feature vec-
tor that captures spatial, temporal, and motion-specific
information in a complementary manner.

3.3. ACTION CLASSIFICATION

In Sections 3.1. and 3.2., we illustrated the extraction
and description of features through the use of MHI-
HODD and the shape of trajectories, which collectively
capture structural, appearance, and motion information.
Action classification is performed using a BoVW model
alongside a multiclass SVM [48] classifier. Both the MHI-
HODD descriptors and the trajectory-shape descriptors
are used to construct visual vocabularies, allowing each
video sequence to be represented as a frequency histo-
gram of feature occurrences. In the training videos, his-
tograms are generated for all vocabulary words. These
histograms are then used to train an SYM model capable
of recognizing actions in the test videos.

We used a leave-one-out cross-validation (LOOCV)
strategy for classification in our experiment. Within
this scheme, samples from a single class are iteratively
used as test data, while the remaining samples consti-
tute the training set, and predictions are made using
the trained model. Subsequently, for M classes, an MxM
confusion matrix is created, comparing the input class
samples with the predicted class labels and categoriz-
ing them as false positive (FP), false negative (FN), true
positive (TP), and true negative (TN). The overall classi-
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fication performance is quantified using the following
expression for average accuracy:

TP +TN
Average Accuracy = TP+ TN +FP + FN

4. RESULT AND DISCUSSION

(6)

4.1. RESULTS ON URADL DATASET

The URADL dataset contains 150 high-resolution in-
door video clips representing ten Activities of Daily Liv-
ing (ADL). Five individuals perform each activity three
times, and all recordings were captured using a static
RGB camera to support the evaluation of action-recog-
nition methods. The activities include: Answer Phone
(A1), Chop Banana (A2), Eat Snack (A3), Dial Phone (A4),
Drink Water (A5), Peel Banana (A8), Use Silverware (A9),
and Write on Board (A10).

To maintain consistency with existing approaches, we
employed a five-fold leave-one-person-out (LOPO) eval-
uation strategy. In this method, one individual’s samples
are used exclusively for testing, while the remaining
subjects’ samples form the training set. Results are aver-
aged across all five folds. For MHI construction, 30-40
frames were considered, and key-point trajectories were
tracked over 30 frames. Table 1 summarizes the compar-
ative performance of our approach, which achieved an
overall accuracy of 95.4% on the URADL dataset.

We further evaluated different codebook sizes and
selected a size of 1000 as an optimal balance between
computational efficiency and recognition performance.
The confusion matrix in Fig. 4 highlights misclassifications
involving similar actions, such as "eat banana," "eat snack,’

"dial phone," and "answer phone'

Table 1. Comparison on existing methods

(URADL Dataset)
Method Classification Accuracy
Messing R et al. [9] 89.3%
Wang H. et al. [47] 92.7%
YanY. et al. [49] 88.1%
Avgerinakis K. et al. [50] 94.4%
Selmi et al. [51] 93.3%

Proposed method 95.4%

Al({UEe»40.00 0.00 0.05 0.03 0.00 0.00 0.00 0.00 0.00
A2(0.00 pH¥#10.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
A3(0.00 0.00[¢XX30.00 0.00 0.06 0.00 0.00 0.00 0.00
A4/0.08 0.00 0.00[¢X#30.00 0.00 0.00 0.00 0.00 0.00
A5/0.08 0.00 0.00 0.00 (¢8=240.00 0.00 0.00 0.00 0.00
A6(0.00 0.000.03 0.00 0.00[(¢%=X%30.00 0.03 0.00 0.00
A7(0.00 0.00 0.00 0.00 0.00 0.00 pXt#]0.00 0.00 0.00
Ag(0.00 0.00 0.00 0.00 0.00 0.05 0.00 (t&=s30.00 0.00
A9(0.00 0.00 0.00 0.00 0.05 0.00 0.00 0.00 (t8#30.00

A10/0.00 0.000.000.00 0.00 0.00 0.00 0.00 0.00 pXey
Al A2 A3 A4 A5 A6 A7 A8 A9 Al0

Fig. 4. Confusion matrix of codebook size 1000
codeword'’s
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In contrast, actions including "chop banana’, "look up in
phone book’, and "write on whiteboard" were recognized
with 100% accuracy.

4.2. RESULTS ON KTH DATASET

The 600 video clips in the publicly available KTH da-
taset represent six different actions: walking (Walk),
jogging (Jog), hand waving (HW), boxing (Box), and
hand clapping (HC). A total of twenty-five people
performed these actions in both indoor and outdoor
environments. We used a conventional evaluation
configuration to assess our proposed method’s perfor-
mance [7, 16,42, 471. In this setting, the first 16 subjects
were used for training, while the remaining 9 subjects
were reserved for testing. For MHI computation, 15-25
frames were utilized, and key-point trajectories were
tracked over 15 consecutive frames.

Table 2 presents a comparative analysis with exist-
ing methods, showing that our proposed approach,
which employs the composite feature descriptor, per-
forms among the best on the KTH dataset. Our method
achieved an accuracy of 95.83% using a codebook size
of 1000 visual words. Furthermore, it was observed that
increasing the codebook size beyond this value did not
yield any significant improvement in accuracy.

Fig. 5 displays the action recognition confusion matrix
for the KTH dataset, where similar actions such as boxing,
hand clapping, jogging, and running sometimes exhibit
misclassification. Our proposed technique achieved an
average recognition rate of 95.83%, demonstrating its
robustness on this benchmark dataset.

Table 2. Comparison of existing methods on KTH

Dataset
Method Classification accuracy
Laptev I. [16] 91.8%
Zhang Z. et al. [46] 93.5%
Zare A. et al.[52] 93.63%
Selmi M. et al. [51] 95.8%
Al-Berry et al. [7] 96%
Uddin M. A [53] 96.5%
Khan, M.A et al. [54] 97%
Garg A.etal [33] 96.24%
Khater S. et al.[55] 98.5%
Proposed Method 95.83%
Box 0.00 0.00
HW 0.00 0.00
HC 0.00 0.00

0.00

jog| 0.00 0.00 0.00

runf 0.00 0.00 0.00

Box HW HC wal iog run

Fig. 5. Confusion matrix for codebook size 1000
codeword'’s
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4.3. RESULTS ON WEIZMANN DATASET

The The Weizmann dataset is a widely used bench-
mark for evaluating human action recognition meth-
ods [16]. It contains nine distinct actions performed
by ten individuals. The actions include: Walk (A1), Run
(A2), Jump Jack (A3), Bend (A4), Jump (A5), Jumping in
Place (A6), Sideway Jump (A7), One-Hand Wave (A8),
and Two-Handed Wave (A9). Table 3 presents a per-
formance comparison using the Weizmann dataset
alongside existing approaches. The results show that
our proposed method achieves 100% classification ac-
curacy using the combined feature descriptor, placing
it among the top-performing methods on this dataset.

Table 3. Comparison of existing methods on
Weizmann Dataset

Method Classification accuracy

Gorelick etal. [11] 97.5%

Melfi et al. [56] 99.02%
Al-Berry et al. [7] 91.4%
Vishwakarma [57] 100%
Zare etal. [52] 100%
Garg et al. [33] 93.39%
Khater et al. [55] 99.2%

Proposed method 100%

Fig. 6 shows the confusion matrix for a codebook
with 1000 codewords.

A1 R 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
0.00 pHueY 0.00 0.00 0.00 0.00 0.00 0.00 0.00
A310.00 0.00 pKeY 0.00 0.00 0.00 0.00 0.00
A410.00 0.00 0.00 pKtsy 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 pK«¥0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00
A7(0.00 0.00 0.00 0.00 0.00 0.00 g¥u¢]
0.00 0.00 0.00 0.00 0.00 0.00 0.00 PNV

A9(0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 pwuy
Al A2 A3 A4 A5 A6 A7 A8 A9

Al

7

A

)

Al

o0

Fig. 6. confusion matrix for codebook size 1000
codeword’s on Weizmann dataset

Although our framework, along with those proposed
by Vishwakarma et al. [57] and Zare et al. [52], all reach
perfect accuracy, their underlying approaches differ sig-
nificantly. Vishwakarma et al. focus on modeling action
dynamics using motion energy and temporal gradients.
While this is highly effective for simple, single-person,
and background-controlled datasets like Weizmann,
their reliance on handcrafted motion information re-
duces robustness under camera motion, illumination
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variation, or multi-subject scenarios. Zare et al. employ
a deep CNN-based spatiotemporal mapping model that
learns compact features directly from raw frames. De-
spite its strength, such deep methods typically require
large training datasets, greater computational resources,
and may overfit when sample sizes are limited.

In contrast, our approach integrates global (MHI-
HODD), local (intensity-HODD), and trajectory-shape
descriptors into a unified Bag-of-Visual-Words (BoVW)
and SVM framework. While achieving perfect accuracy
on Weizmann, it also demonstrates superior robust-
ness and generalization across more challenging data-
sets such as URADL (95.4%) and UCF101 (89%), making
it both computationally efficient and interpretable.

4.4. RESULTS ON UCF 101 DATASET

To demonstrate the robustness and generalization ca-
pability of our proposed method, we evaluated it on the
more challenging and complex UCF101 dataset, which
consists of 101 action classes. Our approach performed
competitively and achieved an accuracy of 89%.

4.5. SENSITIVITY ANALYSIS

Following parameters are considered for sensitivity
analysis:

«  Window size of HODD descriptor: 16x16, 32x32
and 64x64

Number of frames used to construct MHI-15, 30
and 45 Frames

Trajectory tracking Length (frames): 15, 20, 25, 30
frames

Codebook Size : 500, 1000, 1500 and 2000.

Parameter sensitivity analysis indicates that the per-
formance of our HAR approach remains stable across a
broad range of parameter settings. However, window
size, number of orientation bins, and trajectory length
emerge as the most influential factors affecting both
accuracy and computational complexity. In particular,
window sizes smaller than 32x32 or excessively large
lead to a noticeable decline in recognition accuracy.
The choice of 9 orientation bins offers the best bal-
ance between feature discriminative power and com-
putational efficiency. Similarly, a trajectory length of
approximately 20-25 frames yields optimal accuracy
and robustness. The analysis confirms that our method
is resilient to moderate deviations from these optimal
values, demonstrating strong practical applicability
across diverse real-world scenarios

5. CONCLUSION

This paper introduces an integrated framework that
combines appearance and structural (spatial) features
with motion features (temporal and shape of trajecto-
ries). The appearance and structural information of key
points is effectively captured by our HODD descriptor.
Through combining our proposed descriptor with MHI

383



and trajectory shape, we obtained more informative
and discriminative spatial and temporal descriptor for
key points. The trajectories shapes along the MHI ex-
hibit greater robustness because of the predominant
motion information along the moving object. The ex-
perimental outcomes unequivocally illustrate that the
proposed method adeptly distinguishes between simi-
lar actions in the KTH dataset, such as walking, jogging,
and running. The KTH, ADL (URADL), Weizmann and
UCF 101 datasets yield classification rates of 95.83%,
95.4%, 100% and 89% respectively. Our forthcoming
research endeavor’s will concentrate on recognizing
additional Activities of Daily Living (ADL).
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