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Abstract

To improve the robustness and efficiency of human action video retrieval, a
fuzzy-weighted human action video retrieval method is proposed. This method
employs the 3D Harris operator to detect spatio-temporal interest points in
videos, extracts gradient information from these interest points, and constructs
feature vectors; then employs a fuzzy clustering method to construct clustered
feature vectors, enhancing the anti-interference capability of the feature vectors;
subsequently matches gradient vector pairs in the clustered feature vectors, con-
structs a fuzzy weight matrix, and calculates the similarity between the query
video and each video in the database; finally, conducts video retrieval experi-
ments on the KTH dataset, and evaluates the performance using three metrics:
precision, recall, and retrieval time, thereby demonstrating the superior perfor-
mance of the proposed method.
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Abstract: To improve the robustness and efficiency of human activity video
retrieval, this paper proposes a fuzzy-weighted approach for retrieving human
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activity videos. The method employs the 3D Harris operator to detect spatio-
temporal interest points in videos and extracts gradient information from these
points to construct feature vectors. Fuzzy clustering is then applied to build
clustered feature vectors, enhancing their anti-interference capability. Subse-
quently, gradient vector pairs in the clustered feature vectors are matched to
construct a fuzzy weight matrix, which calculates the similarity between a query
video and each video in the database. Finally, video retrieval experiments con-
ducted on the KTH database demonstrate the method’ s superior performance
when evaluated using three metrics: precision, recall, and retrieval time.

Keywords: video retrieval; behavior recognition; fuzzy clustering; spatio-
temporal interest points; 3D Harris

0 Introduction

Human activity video retrieval, though based on human activity recognition
technology, differs significantly from it. The primary distinction lies in the
fact that video retrieval uses only a single training sample—the query video
itself. Consequently, unlike activity recognition, which can learn from numerous
samples to build classifiers, retrieval must infer correlations between videos solely
through similarity computation, making the task inherently more challenging.
Moreover, video retrieval systems generally demand high efficiency, necessitating
that algorithm design also consider timeliness.

With the exponential growth of text, image, and video data driven by internet
and multimedia technologies, video retrieval has emerged as an increasingly im-
portant research direction. While text and image retrieval have matured over
many years, video retrieval remains relatively nascent. Existing methods in hu-
man activity video retrieval still lack satisfactory robustness and efficiency. For
instance, reference [5] proposes a fast feature correspondence method to compute
matching costs as a similarity metric, embedding this within a multi-ranking
framework for action retrieval. Reference [6] introduces a relevance feedback
video retrieval system using SVM with active learning to improve performance.
Reference [7] models video context information using semi-supervised learning
paradigms to effectively model action patterns from few examples. However,
these approaches exhibit limited robustness and computational efficiency.

To address these limitations, this paper proposes a fuzzy-weighted method for
human activity video retrieval. The primary contributions include: (1) introduc-
ing fuzzy clustering to construct clustered feature vectors, thereby enhancing
anti-interference capability; and (2) building a fuzzy weight matrix to modify
Euclidean distance measures, improving the robustness of similarity computa-
tion. The proposed method also features low computational complexity and
high efficiency.
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1 Overview of Human Activity Recognition

Human activity recognition is a prominent research area in computer vision
that aims to automatically analyze and categorize ongoing human actions from
unknown videos or image sequences. A typical recognition framework [8,9] is
illustrated in [Figure 1: see original paper].

The process begins with motion target detection to quickly extract regions of in-
terest from action videos or images, reducing the difficulty of subsequent feature
extraction and classification. Established techniques such as frame differencing,
background subtraction, and optical flow can be employed. Additionally, hu-
man detection methods (e.g., HOG features with SVM classifiers) can identify
whether motion regions contain human figures, eliminating non-human regions
from further processing. However, motion detection is not mandatory, as some
recognition algorithms extract features from entire images rather than focusing
on moving human targets.

Feature extraction constitutes the core of human activity recognition. Effective
features must not only capture distinctions between different actions but also
accommodate variations within the same action category. Common features
include silhouette, optical flow, gradient, spatio-temporal, and depth features.
Silhouette features, constructed from boundary points or shape contexts (e.g.,
silhouette energy images, shape-from-silhouette), are robust to color and tex-
ture but sensitive to occlusion and incomplete contour extraction. Optical flow
captures instantaneous pixel motion, reflecting speed and direction, yet is af-
fected by imaging conditions (e.g., camera distance, field of view) and suffers
from low computational efficiency. Spatio-temporal features, such as spatio-
temporal interest points and context features, are most widely used. Interest
points describe actions through isolated point features detected by operators
like 3D-Harris, SIFT, and Dollar, followed by descriptor extraction (e.g., HOG,
space-time local regression kernels). Context features model relationships be-
tween actions and environments through scene, spatial, and scale contexts, often
using Markov logic networks. Depth features incorporate spatial depth informa-
tion but require specialized acquisition equipment, limiting their applicability.

Action understanding and classification compares extracted features against
learned prior knowledge through pattern recognition. Models include human
body models (2D stick/ribbon models, 3D conical models) that analyze model
variations, and statistical models (spatio-temporal templates, dynamic program-
ming, state transition models) that statistically analyze feature variations. Clas-
sification employs machine learning methods such as SVM, random forests, and
neural networks to construct action classifiers.

2 Human Activity Video Retrieval

Given a query video, a human activity video retrieval algorithm must search
a video database for relevant videos based on extracted activity features. The
algorithm comprises two core components: (1) describing a video as a feature
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vector that characterizes an action class while distinguishing between different
classes; and (2) computing similarity between feature vectors to retrieve relevant
videos. Unlike recognition algorithms, retrieval does not require specific action
classification but focuses on finding similar videos. Consequently, retrieval algo-
rithms prioritize efficiency and scale robustness—the primary challenges facing
video retrieval systems.

The proposed method uses gradient features from spatio-temporal interest
points to construct video feature vectors, introduces fuzzy clustering to build
clustered feature vectors for improved robustness, and constructs a fuzzy
weight matrix to modify Euclidean distance measures for more robust similarity
computation. The workflow is shown in [Figure 2: see original paper].

2.1 Spatio-Temporal Interest Point Detection

We employ the commonly used 3D Harris operator to detect spatio-temporal
interest points. The 3D Harris operator extends the 2D spatial Harris operator
by adding a temporal dimension, sharing the same detection principles and
implementation steps. First, scale-space representation is applied to the video:

L(';O'7T) = G(';O', T) * [

where o and 7 are spatial and temporal scale parameters, respectively; * denotes
convolution; I is the input video; and G is the Gaussian kernel:

1
G(z,y,t;0,7) = WGXP (

22 4 2 12 )
(27)
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The second-moment matrix M is then computed by expanding L using Taylor
series:

L: L,L, L,L
M =G(;o,7)* |L,L, L2 L,L

L,L, L,L, L2
The 3D Harris corner detector is obtained as:
R = det(M) — k - trace® (M)
where det(M) is the determinant, trace(M) is the trace, k is a constant (typically

0.04-0.06), and Ay, Ay, A; are eigenvalues of M. Implementation details are
provided in reference [10].
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2.2 Feature Vector Extraction

We construct video feature descriptors using gradient information from spatio-
temporal interest points. Upon detecting an interest point, a spatio-temporal
cube is applied, and gradient descriptors are computed for each cube to de-
termine the primary motion direction and scale. Results along each axis are
concatenated to form a gradient vector for the interest point. Implementation
follows reference [11]. Notably, we avoid dimensionality reduction to prevent
feature loss. Instead, computational complexity is reduced through clustering
during similarity computation, achieving efficiency comparable to dimensional-
ity reduction while preserving feature integrity.

For any video v;, let n denote the number of detected spatio-temporal interest
points. The corresponding feature vector is F; = {f; ;|7 = 1,2,...,n}, where f; ;
represents the feature vector extracted from the j-th interest point.

2.3 Similarity Computation

For each video’ s feature vector, we first apply the fuzzy k-means clustering
algorithm to the gradient vectors of spatio-temporal interest points, enhancing
robustness (see reference [12]). With ¢ cluster centers, the clustered feature
vector becomes Ff = {ff,[j = 1,2,...,c}, where f{, denotes the j-th class of
gradient vectors after clustering.

After clustering, we compute similarity between the query video’ s clustered
feature vector and those of database videos, sorting by similarity. Greater sim-
ilarity indicates stronger correlation between videos. Typically, similarity is
reflected by distance between feature vectors—shorter distances imply greater
similarity. We adopt this principle for our similarity calculation.

Given that clustered feature vectors contain ¢ classes of gradient vectors, and
that variations in scale, position, and timing across different video captures pre-
vent one-to-one correspondence between the ¢ classes, we first compute distances
between all pairs of gradient vector classes from two clustered feature vectors.
The pair with minimum distance is selected to establish correspondence between
the ¢ classes. Additionally, considering that factors like scale and position may
cause significant differences in gradient magnitudes (e.g., closer objects yield
larger gradient magnitudes), we introduce fuzzy weights to normalize gradient
vectors before computing normalized distances.

Let v; denote the query video and v; a database video, with clustered feature
vectors I and FY, respectively. The distance between the p-th gradient vector
class of I and the ¢-th class of F} is:

du,-,vj (psa) = 15y = F gl

The fuzzy weight for this pair is:
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where f is a fuzzy constant (set to 0.3 in this work) and ¢ is a small positive
number (0.00001) to avoid division by zero.

A ¢ x ¢ fuzzy weight matrix in,vj is constructed from all pairs. The matching
index for the p-th gradient vector class in F? is:

C(p) = argminw, , (p,q)-d,, , (p,q)
qeC VY Vi

where C represents the set of available indices. Once a gradient vector class is
matched, it is removed from subsequent matching iterations, ensuring each class
is paired exactly once.

The overall distance between clustered feature vectors F and F7 is the average
fuzzy distance across the ¢ matched pairs:

1 (&3
d'u- v, — 7 Zwv. v(k’c(k)) : dv- 'u-(k’ C<k>)
Vg c pt Vg AR
Finally, similarity is inversely related to distance:

1
s -
Vet d, o, Fe
i1Vj

2.4 Relevant Video Output

For a query video, we compute similarities with all database videos and rank
them in descending order. The query margin parameter U specifies the number
of retrieved videos. In this work, the top U videos with highest similarity are
returned as retrieval results.

3 Experimental Analysis

As no dedicated benchmark database exists for human activity video retrieval,
we conduct experiments on the widely used KTH database for activity recogni-
tion. This large-scale database contains 2,391 video clips, each showing a single
person performing one of six actions: walking, jogging, running, boxing, hand-
waving, and hand-clapping, performed by 25 subjects across four scenarios with
variations in clothing and scale. Videos are 160x120 resolution at 25 fps.

We evaluate retrieval performance using precision, recall, and retrieval time—
standard metrics in image retrieval. For each action class, the first 100 videos
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serve as queries while the remainder form the retrieval database. The query
margin parameter U is set to 20.

3.1 Retrieval Accuracy Testing

The proposed method includes a parameter ¢ (number of cluster centers) that
significantly impacts retrieval accuracy. Generally, larger ¢ yields finer feature
partitioning, improving between-class discrimination but reducing within-class
tolerance. We determine the optimal ¢ by comparing average precision and
recall across different values. As shown in [Figure 4: see original paper|, both
metrics peak when ¢ = 6, which we adopt as the optimal parameter. At this
setting, the method achieves 78.1% average precision and 73.8% average recall.

3.2 Performance Comparison

Human activity video retrieval is a relatively recent research area with limited
existing work. We compare our method against three representative approaches
[6-7] under identical experimental conditions (database, query videos, U = 20,
Intel i5 CPU, 16 GB RAM, Windows 7 64-bit, Visual Studio 2013). Results are
summarized in , where “Average” represents the mean of precision and recall,
and retrieval time is measured in seconds.

Method  Avg. Precision Avg. Recall Average  Avg. Retrieval Time

[5] 67.3% 59.4% 63.4% -
[6] 71.6% 72.9% 72.3% -
7] 78.8% 69.7% 74.3% -
Ours 78.1% 73.8% 76.0% -

Our method achieves the highest average recall and, despite slightly lower pre-
cision than [7], delivers the highest combined average metric. Moreover, our
method’ s retrieval time is significantly lower than the compared methods,
demonstrating substantially higher efficiency—a critical advantage for video re-
trieval systems.
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Note: Figure translations are in progress. See original paper for figures.
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