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Abstract—Detection of anomalous events is critical for public 
safety and requires capturing fine-grained motion patterns 
and contextual information across multiple time-scales. To 
this end, we propose a Multi-Timescale Feature Learning 
(MTFL) method to enhance the representation of anomaly 
features. Short, medium, and long temporal tubelets are 
employed to extract spatio-temporal video features using a 
Video Swin Transformer. Experimental results demonstrate 
that MTFL achieves an anomaly detection performance 
87.16% Area Under the Curve (AUC) on the University of 
Central Florida (UCF)-Crime dataset and 84.57% Average 
Precision (AP) on the Xi Dian University (XD)-Violence 
dataset. While MTFL relies solely on spatio-temporal 
features extracted from a single modality using RGB video, it 
encounters challenges such as occlusions, ambiguous actions, 
and limited contextual understanding. To overcome these 
limitations, we also propose Multi-Modal Multi-Timescale 
Feature Learning (MMTFL), which integrates spatio-
temporal, depth, and text-based features in conjunction with 
multi-timescale tubelet analysis, rather than focusing only on 
RGB inputs. Although adding modalities increases feature 
extraction cost, it remains feasible for real-world purposes. 
Experimental results demonstrate that the MMTFL 
outperforms single-modality approaches, achieving 88.29% 
AUC on the UCF-Crime dataset and 84.96% AP on the XD-
Violence dataset. By leveraging complementary information 
from multiple modalities, the proposed approach achieves 
more robust and accurate detection of complex and diverse 
anomalies compared to single-modal methods.  

Keywords—anomaly detection, surveillance videos, video 
understanding, multi-modality, feature fusion, attention 


I. INTRODUCTION

Nowadays, the smart city concept is a significant 
research direction that utilizes data collected by a variety 
of technologies and sensor types to efficiently optimize the 
delivery of various services and improve life quality for 
the public. In this setting, anomaly detection in 
surveillance videos helps to enhance public safety by early 
detection of threats and incidents. In the current industrial 
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settings, the control-room operators are watching the feeds 
from multiple surveillance cameras on a display grid. The 
advances of surveillance technologies have led to a parallel 
collection of vast amounts of video data, making manual 
monitoring increasingly impractical. Therefore, automated 
anomaly detection is a necessity to remove the limitations 
of manual inspections, while the broad availability of 
various technologies makes it feasible. There are two 
popular approaches towards anomaly detection in 
literature. The first one is the binary classifier method, also 
referred as ‘unsupervised’, that learns the dominant data 
representation, using normal data only. This approach is 
often inadequate due to vaguely defined borders of 
normality in the latent space. Alternatively, weakly-
supervised techniques have gained significant popularity, 
reducing the annotation work by employing video labels. 
However, the existing anomaly detection approaches still 
face several issues. 

One of the major challenges in anomaly detection is the 
variable temporal duration of anomalies. In the real world, 
anomalies occur rarely and vary in duration, leading to 
complications in learning the temporal dynamics of the 
events. For instance, burglary and arson anomalies last 
longer, while littering and traffic accidents are short-
duration events. The divergence between short, medium, 
and long-lived anomalies needs exploration in flexible 
learning over time, e.g. using time scales. A model should 
learn features from data in multiple temporal scales to 
detect anomalies, regardless of their durations.  

Another limitation is that conventional anomaly 
detection methods predominantly rely on a single 
modality, such as RGB video, and often struggle to handle 
the complexity of real-world environments. The single 
source of input information makes them vulnerable to 
challenges like poor lighting, occlusions, or ambiguous 
actions. These limitations emphasize the need for more 
encompassing solutions to exploit diverse data sources and 
to capture the full spectrum of contextual and semantic 
cues in dynamic environments. Therefore, in addition to 
standard RGB video data, other data modalities like radar, 

Journal of Image and Graphics, Vol. 14, No. 1, 2026

96doi: 10.18178/joig.14.1.96-107

https://orcid.org/0009-0005-1078-7534
https://orcid.org/0000-0003-4506-5732
https://orcid.org/0000-0002-7639-7716
https://orcid.org/0009-0005-2452-7389


depth, acoustic signals, infrared, and LiDAR can be 
considered to achieve complementary spatial, 
environmental, and semantic information for scene 
understanding. For instance, depth data can provide critical 
spatial context, reducing ambiguities in object interactions, 
while text features can enhance semantic interpretation, 
improving comprehension of events. 

To overcome the aforementioned challenges, we 
propose the Multi-Timescale Feature Learning (MTFL) 
and Multi-Modal Multi-Timescale Feature Learning 
(MMTFL) methods. The MTFL method extracts features 
at different temporal scales and fuses motion details from 
short temporal tubelets with contextual information from 
long tubelets, enhancing the representation capability of 
anomaly features. The method employs multi-head cross 
attention, multi-head self-attention, and 1D convolution 
kernel to capture the correlations between multi-timescale 
features, global temporal dependencies across the three 
integrated feature levels (short, medium, and long), and 
local temporal dependencies within each tubelet, 
respectively. These factors are utilized for the scaling and 
fusion of the features to achieve the final feature 
representation.  

The MMTFL method is proposed to address the 
limitations of single-modality methods, by integrating 
RGB, depth, and text features with different feature fusion 
techniques. By leveraging complementary information 
from multiple modalities, the proposed approaches 
achieve more robust and accurate detection of complex 
and diverse anomalies compared to single-modality 
methods. To summarize, the main contributions of our 
work are as follows. 

 A multi-timescale anomaly detection model 
(MTFL) for learning the correlation between 
different timescale features. The fusion of short, 
medium, and long temporal features leverages the 
deployment of variable temporal scales.  

 A multi-modal anomaly detection model 
(MMTFL), offering high performance compared 
to single-modal approaches, which combines 
visual, depth, and text features. 

 Exploring the individual contributions of video, 
depth, and text features to the enhancement of 
anomaly detection performance. 

II. RELATED WORK 

A. Weakly Supervised Anomaly Detection 

A weakly-supervised anomaly detection approach was 
introduced and extended [1–7]. It uses video-level 
annotation, which is labeling entire videos as normal or 
anomalous rather than frame-level labels, significantly 
reducing annotation costs and enabling models to learn 
from generalized anomaly patterns. 

Weakly-supervised methods often employ Multiple 
Instance Learning (MIL), where sets of video instances 
(“bags”) are labeled collectively. The model learns to 
detect anomalies by identifying patterns within bags, even 
if only a subset of instances is anomalous. Attention 

mechanisms further improve detection by highlighting 
relevant spatial or temporal features. 

While being annotation-efficient, weak supervision 
limits precise anomaly localization and may increase false 
positives due to coarse labeling. Still, it offers a practical 
trade-off, allowing broader generalization with reduced 
annotation effort, albeit at the cost of fine-grained 
accuracy. Recent work has also explored leveraging 
human pose features for anomaly detection to improve 
robustness and generalization. Hirschorn et al. [8] 
introduces a method utilizing normalizing flows for human 
pose anomaly detection, showing strong results under 
weak supervision without requiring dense frame-level 
labeling. This work exemplifies the trend towards using 
structured semantic features, such as pose information, in 
MIL frameworks for efficient anomaly detection. 

B. Video Captioning 

Video Captioning (VC) is a key task in video 
understanding [9]. Early work explored 2D/3D 
representations [10–13], and later studies focused on 
object-level features to improve VC [14–16]. With the rise 
of transformers [17, 18], vision-language models have 
achieved strong results across various tasks [19–24]. 
Recent transformer-based VC models further improved 
performance through end-to-end training [25–27]. 

Large-scale vision-language models like Contrastive 
Language-Image Pretraining (CLIP) [12] bridge visual and 
textual modalities. In video anomaly detection, recent 
work uses textual prompts to enrich anomaly 
representations [28–31]. Open-vocabulary anomaly 
detection [32] and prompt-based scoring with LLMs [33] 
have emerged, though current methods often skip domain-
specific fine-tuning, making performance reliant on base 
LLM capabilities. 

C. Video Depth Estimation  

Video depth estimation methods are generally classified 
into feed-forward prediction and test-time optimization. 
Feed-forward approaches directly predict depth from 
video frames [34–41]. For instance, DeepV2D integrates 
depth and camera motion estimation [35]; MAMO uses 
memory attention [39], and NVDS adds a stabilization 
module [38]. While efficient, these methods often 
underperform in open-world scenarios due to limited 
training data. Test-time optimization approaches refine 
depth during inference using cues like camera poses or 
optical flow, offering consistency, but reduced 
generalization to unconstrained settings [42–45]. 

D. Multi-Modal Video Learning 

Multi-modal video learning integrates modalities such 
as vision, audio, and text to enhance video understanding. 
A key task is Temporal Sentence Grounding in Videos 
(TSGV), which aligns language queries with temporal 
segments in videos, which is crucial for surveillance event 
localization [46–49]. Another core task is Video 
Captioning (VC), which generates textual descriptions of 
video content, aiding automatic understanding and 
summarization [50, 51]. Extending VC, Dense Video 
Captioning (DVC) localizes and describes multiple events 
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in untrimmed videos, offering detailed surveillance 
insights [50, 52]. Multi-modal Anomaly Detection 
(MAD) [53] further combines VC features with visual-
temporal data to identify anomalies. Current MAD 
methods often rely on captions from SwinBERT [25] and 
are typically trained on open-domain datasets such as 
VATEX [54]. 

Although existing methods have advanced the field of 
video anomaly detection, they often fall short in addressing 
critical challenges, such as the requirement to operate 
across multiple temporal scales to effectively capture 
anomalies of varying durations. To mitigate this limitation, 
the MTFL method is proposed to learn multi-timescale 
features for improving the anomaly detection 
performance. Moreover, despite recent progress in multi-
modal learning, video captioning, and depth estimation, 
significant challenges persist particularly in the efficient 
fusion of heterogeneous features. Single modality.  

Approaches often fail to capture the full scope of 
contextual cues for reliable anomaly detection. To address 
these gaps, we propose the MMTFL method that integrates 
spatio-temporal, depth, and text-based features. This 
integration is guided by diverse loss functions and inter-
modal correlation modelling, which together enhance the 
model’s capacity to learn robust representations. The 
proposed methods improve anomaly detection accuracy, 
surpassing single-modality baselines through richer and 
more discriminative contextual understanding. 

III. MULTI-TIMESCALE FEATURE LEARNING (MTFL) 

Considering the variations in the attention focus of 
feature information across different frame lengths, the 
Multi-Timescale Feature Learning (MTFL) method aims 
to integrate essential features from multiple temporal 
scales, to enhance the discrimination between abnormal 
and normal snippets. Given the importance of capturing 
fine-grained motion details and long-term contextual 
dependencies, feature representations are derived at 
different temporal resolutions, leveraging short, medium, 
and long temporal tubelets, to ensure holistic 
comprehension of motion dynamics and event 
progression. Temporal tubelets are subsets of video frames 
categorized by different temporal durations: short, 
medium, and long. Short tubelets focus on high-frequency 
motion details and local variations for detecting rapid or 

subtle actions. Medium tubelets balance detail with a 
broader temporal scope, allowing the model to analyze 
interactions and transitions over time. Long tubelets 
capture extended temporal dependencies, providing a 
global understanding over time of the scene.  

A video snippet refers to a segment of a video, typically 
consisting of a fixed number of consecutive frames. As 
illustrated in Fig. 1, the input video is divided into T 
snippets to ensure a fair comparison with SotA models on 
public datasets. Each snippet constructs different temporal 
tubelets based on variable frame lengths, which are used 
for feature extraction. The Multi-Timescale Feature 
Generator (MTFG) creates three groups of TD features, 
corresponding to T snippets, namely FL, FM, and FS, long, 
medium, and short temporal tubelets. Next, the Multi-
Timescale Feature Fusion (MTFF) fuses output features 
obtained from three temporal paths, to create a global 
feature vector X based on temporal correlations between 
the snippets. This feature vector is generated by multi-head 
cross and self-attention blocks. Subsequently, we apply a 
classifier to vector X and generate corresponding anomaly 
scores for each snippet. 

A. Multi-Timescale Feature Generator (MTFG) 

Given T snippets with a frame length of L segmented 
from an input video, the MTFG generates three feature 
matrices of size TD, corresponding to the D dimensional 
features of these T snippets. Each feature matrix represents 
a temporal tubelet with the corresponding frame length. As 
illustrated in Fig. 2, a pre-trained Video Swin Transformer 
extracts features from a single snippet t within a group of 
long temporal tubelets with a frame length L1, medium 
temporal tubelets with a frame length L2, and short 
temporal tubelets with a frame length L3, resulting in 

( )LF t , ( )MF t , ( )SF t  vectors, respectively. The vectors in 

each feature matrix are averaged along the temporal axis 
to form single feature vectors ( )LF t , ( )MF t , ( )SF t . With T 

snippets of the input video, the MTFG outputs three groups 
of T feature vectors, i.e.  (0),..., ( 1)L LF F T  , and the other 

two with the same formulation with FM, and FS for medium 
and short tubelets, respectively. The T feature vectors in 
each group are concatenated along the temporal axis, 
resulting in three feature matrices referring to FL, FM, and 
FS in Figs. 1 and 3. 

 

 
Fig. 1. Workflow of Multi-Timescale Feature Learning (MTFL) model. The input video is segmented into T snippets. The Multi-Timescale Feature 
Generator (MTFG) creates three sets of features, FL, FM, and FS corresponding to features extracted within long, medium, and short temporal tubelets. 
Next, the Multi-Timescale Feature Fusion (MTFF) captures the correlations among these three features and the dependencies among different video 
snippets to fuse the features into the output feature matrix X. The final anomaly scores of T snippets are obtained after a classifier. A loss function 
involving feature magnitude loss and classification loss is used for training the MTFF and the anomaly classifier. 
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Fig. 2. Multi-Timescale Feature Generator (MTFG). Taking snippet t, a 
pre-trained Video Swin Transformer extracts features using 3 temporal 
tubelets with long, medium, and short frame lengths, i.e. L1, L2, and L3, 
and the obtained features are averaged to 3 single feature vectors. 

B. Multi-Timescale Feature Generator (MTFF) 

The MTFF fuses the resulting feature maps according to 
their dependencies, as well as the local and global temporal 
correlation between snippets. As shown in Fig. 3, the 
architecture consists of 4 fusion modules, mod (i…iv).  

 

 
Fig. 3. Multi-Timescale Feature Fusion (MTFF). PFL Mod (i) learns the 
correlations between different path features for pairwise integration. Mod 
(ii) captures local temporal dependencies and scales the features 
accordingly. Mod (iii) learns the global temporal dependencies of the 
integrated three features among T snippets. Mod (iv) obtains the final 
feature X by fusing the output features from mod’s (ii, iii). 

 Mod (i) Pairwise Feature Learning (PFL) employs 
three Multi-head Cross-Attention (MCA) 
functions to perform pairwise fusion of 3 feature 
matrices FL, FM, and FS generated by MTFG, and 
outputs FLM, FMS, and FSL. 

 Mod (ii) Local Temporal correlation Learning 
(LTL) scales pairwise fusion matrices by their 
local temporal correlation through 1D 
convolutional kernels.  

 Mod (iii) Global Temporal correlation Learning 
(GTL), FL, FM, and FS are concatenated to form a 
feature matrix FLMS_concat. After the dimensional 
reduction of FLMS_concat by 1D convolution, we use 
the Multi-head Self-Attention (MSA) block to 
scale the features based on the global temporal 
correlations across different snippets.  

 Mod (iv) Feature Fusion (FF) concatenates the 
output feature maps of size TD/2 from mod’s (ii) 
and (iii) and applies a 1D convolutional kernel to 
reduce the dimension. In the end, the MTFF 
outputs the final fused feature X as shown in Fig. 3 
with a residual connection. 

C. Anomaly Detection  

After the MTFF module, the fused feature matrix X is 
supplied into a 3-layer fully connected classifier to output 
the anomaly probability scores for T snippets, as shown in 
Fig. 1. The loss function proposed by Tian et al. [3] is used 
for training the anomaly detection model, including loss 
functions for feature magnitude learning and classifier 
training. A brief overview of anomaly detection loss ℒ஺஽ 
is provided as follows.  

     
1 1 2

1 2 1
0 1

T T

AD BCE fm FM t t t
t t

s s s  
 

  


 

           (1) 

where FM  is the feature magnitude learning loss 

function [3] that maximizes the separability between the 
top-k features from normal and abnormal videos, the 
Binary Cross-Entropy (BCE) loss BCE  is used for 

training the classifier, fm , 1 , and 2  are the weighting 

factors of each loss component. The components 1ts  and 

ts  represent the scores of two consecutive snippets t-1 and 

t in an anomalous input, respectively. The summations 
1

0

T

t
t

s





  and 

1 2

1
1

T

t t
t

s s


 




  are added for sparsity and 

temporal smoothness constraints of scores in anomalous 
videos. 

IV. MULTI-TIMESCALE FEATURE LEARNING (MMTFL) 

METHOD 

Exploiting multiple modalities is essential for achieving 
reliable anomaly detection, as each modality type provides 
unique and complementary insights into an event. Spatio-
temporal features capture motion and structural patterns 
over time, depth features enhance spatial awareness by 
distinguishing object positioning and enhancing 
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background separation, while text-based features offer 
semantic context that aids in event interpretation. To 
harness the strengths of these diverse modalities, the 
MMTFL is introduced by extending the MTFL model. The 
MTFG component of MTFL model is employed for 

extracting spatio-temporal, depth, and text-based features 
from video sequences. In feature fusion step, the MTFF 
module is examined together with concatenation and mean 
functions in different combinations, considering the same 
classifier and loss function.  

 

 
Fig. 4. Workflow of the MMTFL model. Spatio-temporal, depth, and text features are extracted at varying temporal scales. After obtaining these diverse 
features, the feature fusion stage captures the correlations among them and the dependencies across different video segments, which outputs the feature 
matrix X. Subsequently, anomaly scores for video snippets are obtained through a fully-connected classifier that considers both feature magnitude and 
classification losses. 

As depicted in Fig. 4, the MMTFL is designed based on 
video snippets, multi-timescale feature levels, and multiple 
modalities to enhance feature representation. The multi-
timescale spatio-temporal features, extracted from short, 
medium, and long temporal tubelets, are incorporated with 
depth, and text information. This enables to obtain both 
localized details and broader contextual patterns, thereby 
improving the detection of anomalies in complex video 
environments. The details of each modality are 
summarized as follows: 

 Spatio-temporal RGB features are extracted 
utilizing a VST [55], a hierarchical transformer-
based model designed for video understanding. 
The VST model employs shifted window attention 
to efficiently capture long-range dependencies 
while maintaining computational efficiency. The 
selection of this model has been justified in the 
ablation study through comparative analysis with 
other feature extraction techniques. For a video 
containing T snippets, the feature generation step 
produces three groups of feature vectors: short-
term, medium-term, and long-term representations, 
represented by FS

rgb, FM
rgb, and FL

rgb, each having 
a dimensionality of TD. 

 Depth features provide valuable cues for 
distinguishing objects and background elements, 
improving motion segmentation, and identifying 
anomalies based on depth variations. To 
incorporate depth features into the MMTFL model, 
the Depth AnythingV2 model is adopted for dense 
depth estimation, since it delivers SotA 
performance in extracting fine-grained depth 
representations [35]. Depth AnythingV2 employs 
a transformer-based architecture to predict per-
pixel depth values for each frame in T snippets, 
which enhances scene understanding beyond 
RGB-based representations. The generated three 
groups of depth feature vectors are short-term, 
medium-term, and long-term features, denoted as 
FS

depth, FM
depth, and FL

depth respectively, each with a 
size of TD.  

 Textual features are integrated into MMTFL 
employing a vision-language model to extract 
semantic representations from each associated 
video snippet. The CLIP model aligns image and 
text in a shared embedding space through 
contrastive learning, leveraging large-scale image-
text pairs to enhance semantic understanding and 
improve multi-modal feature fusion [12]. This 
model is selected to ensure a fair comparison with 
existing methods in literature. The CLIP model 
generates three text feature vectors from a video of 
T snippets, capturing short-term, medium-term, 
and long-term representations. These feature 
groups are FS

text, FM
text, and FL

text, each with a 
dimensionality of TD. 

 

 
Fig. 5. Example frames of four anomaly classes shoplifting, fighting, 
dangerous throwing, and normal for three different modalities. The first 
column displays the depth map generated from the corresponding RGB 
input, by employing the Depth AnythingV2 model. The second column 
presents the original RGB image. The third column contains the text 
prompt applied to obtain the text embeddings using the CLIP model. 

For short tubelets, depth features capture fine-grained 
depth changes, such as sudden object movements, while 
text-based features provide concise descriptions of 
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immediate actions. At the level of medium tubelets, depth 
features facilitate tracking of dynamic depth shifts, while 
text-based features describe evolving scene semantics, 
such as object interactions or behavioural changes. In long 
tubelets, depth features emphasize long-term structural 
consistency, while textual features contextualize event 
sequences, enhancing anomaly detection by aligning 
motion patterns with semantic interpretations. Therefore, 
the proposed MMTFL model improves the ability to 
differentiate between normal and anomalous events in 
complex video scenarios, by combining multi-modal 
feature fusion with multi-timescale tubelet analysis. Some 
example frames from four anomaly classes, each 
corresponding to various modalities, are shown in Fig. 5.  

A. Feature Fusion Strategies 

Different feature fusion strategies, three designs 
(Feature Fusion 1, 2, and 3), are proposed for the MMTFL 
model (Table I). The details of these feature fusion 
techniques are provided in Figs. 6–8. To further clarify the 
implementation, pseudocode descriptions of each feature 
fusion strategy are also included, making the explanations 
more accessible and transparent. Feature Fusion 2 is 
selected for the proposed architecture as it achieves the 
highest performance with 88.29% AUC, demonstrating 
that averaging depth and text features prior to 
concatenation, while processing spatio-temporal features 
separately with MTFF feature fusion, leads to better 
anomaly detection.  

 

 
Fig. 6. Feature Fusion 1: Overview of the multi-modal feature fusion 
process in the MMTFL model. The extracted spatio-temporal, depth, and 
text features are concatenated and passed through the MTFF module, 
producing the final feature vector X for anomaly detection. 

 
Fig. 7. Feature Fusion 2: Depth and text features are first averaged across 
temporal tubelets prior to fusion, while spatio-temporal features are 
processed through the MTFF module. The resulting feature 
representations are then concatenated to generate the final feature vector 
X for anomaly detection. 

 
Fig. 8. Feature Fusion 3: Spatio-temporal, depth, and text features are 
independently processed through the MTFF module. The fused 
representations from each modality are then concatenated to form the 
final feature vector X for anomaly detection. 

TABLE I. PSEUDOCODE FOR FEATURE FUSION TECHNIQUES 

Classification Feature Fusion Strategies 

Feature 
Fusion 1 

Concatenate spatio-temporal features from short, 
medium, and long temporal tubelets: Fcon

rgb 
Concatenate depth features from short, medium, 
and long temporal tubelets: Fcon

depth 
Concatenate text features from short, medium, and 
long temporal tubelets: Fcon

text 
Apply MTFF feature fusion on the obtained 
concatenated vectors (Fcon

rgb, Fcon
depth, Fcon

text) 
Output: X 

Feature 
Fusion 2 

Apply MTFF feature fusion for the spatio-
temporal feature: FMTFF

rgb 
Compute average of depth features from short, 
medium, and long temporal tubelet: Fmean

depth 
Compute average of text features from short, 
medium, and long temporal tubelets: Fmean

text 
Concatenate obtained spatio-temporal, depth, and 
text features (FMTFF

rgb, Fmean
depth, Fmean

text) Output: 
X 

Feature 
Fusion 3 

Apply MTFF feature fusion for the spatio-
temporal features: FMTFF

rgb 
Apply MTFF feature fusion for the depth features: 
FMTFF

depth 
Apply MTFF feature fusion for the text features: 
FMTFF

text 
Concatenate obtained spatio-temporal, depth, and 
text features (FMTFF

rgb, FMTFF
depth, FMTFF

text) Output: 
X 

Input: Spatio-temporal features: FS
rgb, FM

rgb, and FL
rgb 

Depth features: FS
depth, FM

depth, and FL
depth 

Text features: FS
text, FM

text, and FL
text. 

V. EXPERIMENTS 

A. Implementation Details 

The MTFG module of the MTFL method extracts video 
features from different frame-length tubelets. We apply 
frame lengths of L1 = 8, L2 = 32, L3 = 64 (motivated by 
optimal combination of tubelets ablation studies) for short, 
medium, and long temporal tubelets, respectively. The 
sampling interval for all tubelets is 1 frame, and the output 
feature map of an input video comprises 32 feature vectors, 
corresponding to the total number of snippets T = 32.  

For feature extraction, we utilize pre-trained Video 
Swin Transformer model pre-trained on the Kinetics-400 
dataset, named as VST-RGB. Moreover, we use pre-
trained feature extraction models of CLIP, VST, and 
DepthAnythingV2 without any additional fine-tuning.  
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In the MTFF module, we utilize three 31 Conv1D 
kernels for local temporal correlation learning, with mixed 
temporal reception achieved by various dilation rates (1, 2, 
and 4). The number of heads in the attention blocks is set 
to 4. The network is trained by the Adam optimizer with a 
weight decay of 0.0005 and a batch size of 128 for 1000 
epochs. During training, each mini-batch consists of 64 
randomly selected normal and 64 abnormal videos, with a 
learning rate of 0.0001.  

Following the literature, the Receiver Operating 
Characteristic (ROC) curve and its corresponding Area 
Under the Curve (AUC) are employed for evaluation on 
the UCF-Crime dataset [1]. Besides this, the Precision-
Recall curve and its corresponding Average Precision (AP) 
are utilized to evaluate the performance of the proposed 
models on the XD-Violence dataset [5]. 

B. Computational Costs 

The execution performance of the MTFL video anomaly 
detection model is measured with a GTX-2080Ti GPU. 
The feature extraction in video anomaly detection takes 
104.96 ms for a video segment of a length of 2.56 s (64 
frames) for each temporal granularity (short, medium, 
long). This results in 104.96  3 = 314.88 ms for 
generating the intermediate feature vector across all 
temporal granularities, by considering only one GTX-
2080Ti GPU. The multiscale feature fusion step, which 
employs the discussed attention mechanisms, adds an 
additional 2.43 ms, bringing the total computational time 
to 317.31 ms. Therefore, the buffer delay (the minimum 
time required to process a video segment) is 317.31 ms, 
meaning that the system needs at least this total time to 
proceed with each 2.56 s video segment before moving to 
the next one. 

In contrast, when comparing the MMTFL model that 
incorporates depth and textual feature extraction alongside 
spatio-temporal computational requirements increase. For 
depth features extracted using the DepthAnythingv2 
model, the inference time for 64 frames is approximately 
640 ms, while textual features extracted via CLIP require 
around 320 ms for the same number of frames. When 
combined with spatiotemporal feature extraction 
(314.88 ms) and the fusion step, the overall processing 
time for one video segment rises to 1.27 s. While this 
represents an increase in per-segment processing time 
compared to MTFL, the enriched multi-modal information 
provided by MMTFL leads to significantly improved 
anomaly detection performance, justifying the additional 
computational cost in many practical scenarios. 

This processing time of MTFL is more reasonable for a 
real-time surveillance application by recursively 
refreshing each segment’s output. Since feature extraction 
takes 317.31 ms for a video segment (64 frames), the 
system processes video at an approximate rate of 201.70 
frames per second (fps), which is significantly faster than 
real-time (30 fps or 25 fps). This also means that the 
system can handle the incoming video stream without a 
processing bottleneck.  

Similarly, although MMTFL introduces additional 
computational overhead due to the inclusion of depth and 

textual features, its total processing time of approximately 
1277 ms per segment remains within a near real-time range. 
Considering that anomaly detection applications often 
tolerate a latency of couple of seconds without 
compromising effectiveness, MMTFL’s enriched multi-
modal approach offers a practical balance between better 
anomaly detection performance and feasible inference 
speed in real-world surveillance scenarios. 

C. Anomaly Detection Results 

Table II compares the proposed MTFL and MMTFL 
models to SotA anomaly detection methods on the UCF-
Crime and XD-Violence datasets. Existing approaches 
primarily rely on I3D-RGB and recent approaches include 
CLIP-based features. RGB-only methods extract spatio-
temporal information, while CLIP-based models leverage 
both visual and textual features for enhanced semantic 
understanding. The method of Sultani et al. [1] is added 
because it is the first paper publishing the UCF-Crime 
dataset and providing the results by the C3D feature 
extraction model. 

TABLE II. ANOMALY DETECTION PERFORMANCE COMPARISON WITH 

THE SOTA ON UCF-CRIME (AUC) AND XD-VIOLENCE (AP) DATASETS 

 

The MTFL model achieves 87.16% AUC on UCF-
Crime dataset, notably surpassing the SotA anomaly 
detection methods, and 84.57% AP on the XD-Violence 
dataset. The results indicate that the MTFL method 
demonstrates better capability for identifying complex 
anomalies with various real-world scenarios presented in 
the UCF-Crime and XD-Violence datasets. Compared to 
the methods utilizing the same VST-RGB features, such as 
MSL [60] and MGFN [57], the MTFL model exhibits a 
substantial superiority on the UCF-Crime and XD-
Violence datasets, manifesting its efficiency regardless of 
the feature extraction approach. Moreover, contrasted with 
other weakly-supervised methods using the same loss 
function, the MTFL method outperforms RTFM [3] by 
2.86% AUC on the UCF-Crime and 6.76% AP on the XD-
Violence.  

The proposed MMTFL model extends beyond the 
dominant prior methods (I3D, VST, and CLIP) by 
incorporating depth features alongside CLIP-based text 

Method Feature 
UCF Crime 

/% 
XD Violence 

/% 

Sultani et al. [1] C3D-RGB 75.41 73.20 
Wu et al. [5] I3D-RGB 82.44 78.64 
RTFM [3] I3D-RGB 84.30 77.81 

Wu et al. [56] I3D-RGB 84.89 75.90 
TEVAD [53] I3D-RGB 84.90 79.80 
MGFN [57] I3D-RGB 86.67 80.11 

UR-DMU [58] I3D-RGB 86.97 81.66 
PEL [59] I3D-RGB 86.76 85.59 
MSL [60] VST-RGB 85.62 78.59 

MGFN [57] VST-RGB 86.67 80.11 
MTFL VST-RGB 87.16 (+0.19) 84.57 

UMIL [61] CLIP 86.75 - 
CLIP-TSA [29] CLIP 87.58 82.19 
TPWNG [62] CLIP 87.79 83.68 
VadCLIP [63] CLIP 88.02 84.51 

MMTFL CLIP, DEPTH 88.29 (+0.27) 84.96 
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and RGB representations, which enables a more 
comprehensive multi-modal feature learning. As a result, 
the MMTFL model achieves 88.29% AUC on the UCF-
Crime dataset, surpassing previous methods, including 
VadCLIP [63], CLIP-TSA [29], and TPWNG [62]. This 
improvement highlights the effectiveness of multi-modal 
feature fusion, particularly the depth modality, which 
enhances structural understanding beyond text and RGB 
features. Depth information plays a key role in real-world 
surveillance, aiding anomaly detection by capturing 
background elements, object positioning, and motion 
dynamics. 

Although MMTFL remains competitive on XD-
Violence with 84.96% AP, it does not surpass the SotA 
result of 85.59% AP achieved by PEL [59]. A key factor 
influencing this outcome is the nature of the XD-Violence 
dataset, which primarily consists of movie clips, differing 
significantly from real-world surveillance videos in the 
UCF-Crime dataset. Since movie scenes are well-
structured, artificially lit, and edited, depth estimation may 
not provide as much discriminative information as real-
world settings, where depth features help distinguish 
objects and movement patterns in uncontrolled 
environments. 

These results underscore the importance of multi-modal 
fusion, demonstrating that integrating spatio-temporal, 
depth, and text features enhances anomaly detection in 
complex video scenarios. Although depth features 
significantly improve performance in real-world 
surveillance videos (the UCF-Crime dataset), their impact 
is less pronounced in controlled cinematic settings (the 
XD-Violence dataset). 

The proposed MMTFL advances beyond recent multi-
modal fusion methods such as VadCLIP, CLIP-TSA, and 
PEL in several key aspects. First, MMTFL integrates 
spatio-temporal, depth, and textual features using a unified 
and efficient fusion strategy, supported by formalized 

pseudocode and computational cost analysis to enhance 
clarity and reproducibility. Unlike prior methods that 
primarily leverage textual and visual modalities, our 
architecture explicitly incorporates depth features, leading 
to richer representation and improved anomaly detection 
performance. Furthermore, we provide a detailed 
exploration of different feature fusion designs and 
empirically demonstrate their impact, offering robust 
justification for our chosen strategy and contributing 
practical enhancements for future multi-modal 
frameworks. 

D. Qualitative Results  

Fig. 9 presents the anomaly scores generated by the 
MTFL model for randomly selected anomaly videos, 
consisting of 1 normal and 7 anomalous videos. The 
anomalous videos include six from the UCF-Crime dataset, 
such as Arson016, Shooting004, Robbery102, 
Burglary037, Fighting033, and Shoplifting004, each 
accompanied by corresponding anomaly scores and frame 
numbers. According to the anomaly scores, MTFL 
efficiently distinguishes between normal and anomalous 
segments in videos. It performs well even in scenarios 
where multiple events are occurring in a single video, such 
as Burglary. Apart from the detection of anomalies with 
obvious motions, the MTFL demonstrates the ability to 
discern subtle anomalies that require an understanding of 
contextual information and behavior, like Burglary and 
Shoplifting. For more challenging cases, such as frequent 
throwing actions in CarDangerous024, while MTFL may 
not isolate each individual event due to limited visibility 
and distance (it often occurs at a greater distance in car-
related dangerous activities), the proposed model 
successfully identifies periods containing these activities. 
These qualitative results highlight the model’s capability 
to generalize across diverse anomaly types. 

 

 
Fig. 9. Anomaly scores of the proposed MTFL model on the UCF-Crime data (Normal897, Arson016, Shooting004, Robbery102, Burglary037, 
Fighting033, and Shoplifting004) and a dangerous throwing video from the CarDangerous024. The red-colored regions indicate the manually labeled 
occurrences of anomalous events. 
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VI. ABLATION STUDIES 

A. Best Feature Extraction for Anomaly Detection  

To explore the impact of different feature extraction 
models on the performance of anomaly detection, we 
examine five feature extraction models: C3D [64], 
I3D  [65], SlowFast [9], VST [55], and MViTv2 [66] with 
RTFM method [3]. Table Ⅲ shows the AUC results of 
anomaly detection using RTFM with these five video 
feature extractors on the UCF-Crime dataset. It should be 
noted that the AUC score of MTFL model does not exist 
in this table because these experiments are conducted with 
RTFM method to find out the better feature extraction 
model. Based on the results, the VST model outperforms 
other feature extractors. When trained on the UCF-Crime 
dataset, the RTFM with VST results in 85.99% AUC on 
the UCF-Crime test set.  

TABLE III. COMPARISON OF THE RTFM METHOD, EMPLOYING FIVE 

FEATURE EXTRACTORS TRAINED ON THE UCF-CRIME (AUC) DATASET 

Training Data Architecture UCF-Crime/% 

UCF-Crime 

C3D + RTFM 72.27 
I3D + RTFM 82.63 

SlowFast + RTFM  81.75 
MViTv2 + RTFM 84.13 

VST + RTFM 85.99 
 

B. Efficiency of Internal Multi-Timescale Feature 
Fusion (MTFF) Stages  

Referring to Fig. 3, the architecture of the designed 
MTFF module comprises four stages: Pairwise Feature 
Learning (PFL), Local Temporal correlation Learning 
(LTL), Global Temporal correlation Learning (GTL), and 
Feature Fusion (FF). To investigate the effects of these 
stages, we conduct experiments between different MTFF 
designs by removing different stages, as shown in 
Table IV. The results reveal that the most significant 
performance degradation is due to the removal of PFL and 
FF stages. This leads to noticeable drops in results on the 
UCF-Crime. The LTL and GTL stage removals result in 
relatively minor deterioration. These comparisons show 
that mutual learning of features extracted from spatio-
temporal tubes of different frame lengths, coupled with 
feature fusion, enhances feature representation capability 
with the help of PFL and FF. Further enhancement in 
performance is achieved by incorporating local and global 
correlation learning to scale features within LTL and GTL. 
Overall, these experiments validate the impact of each 
stage in the MTFF module. 

TABLE IV. ABLATION STUDIES ON FOUR MODULES OF MTFF 

PFL LTL GTL FF UCF-Crime/% 
 ✓ ✓ ✓ 83.72 

✓  ✓ ✓ 86.23 

✓ ✓  ✓ 87.08 

✓ ✓ ✓  85.43 

✓ ✓ ✓ ✓ 87.16 
 

C. Optimal Combination of Tubelets 

We extract features using 4 different tubelets with frame 
lengths of 8, 16, 32, and 64, respectively (Table V). By 
selecting three tubelet lengths as inputs to the MTFF 
module, we compare detection results for various length 
combinations as shown in Table V. Notably, the best 
detection results are achieved when the short tubelet length 
is 8 frames, the medium tubelet length is 32 frames, and 
the long tubelet length is 64 frames. This observation 
suggests that combining the 8-frame feature for capturing 
rapid motion details, the 64-frame feature for contextual 
information, and the 32-frame feature for correlation 
information improves the understanding of anomalous 
events within the MTFL method. 

TABLE V. ABLATION STUDIES ON DIFFERENT TUBELET LENGTHS 

8 16 32 64 UCF-Crime/% 
 ✓ ✓ ✓ 86.87 

✓  ✓ ✓ 87.16 

✓ ✓  ✓ 86.74 

✓ ✓ ✓  86.71 
 

D. Feature Modalities Contribution for Anomaly 
Detection 

To assess the impact of different feature modalities on 
anomaly detection, an ablation study is conducted on the 
UCF-Crime dataset, evaluating the individual 
contributions of RGB, depth, and text features. Different 
feature combinations are evaluated to assess their 
individual and combined impact, of which the results are 
shown in Table VI.  

TABLE VI. ABLATION STUDY FOR THE OBTAINED AUC VALUE ON THE 

UCF-CRIME DATASET, USING UP TO THREE DIFFERENT FEATURE TYPES 

(SPATIO-TEMPORAL RGB, DEPTH, AND TEXT) IN THE MMTFL MODEL 

RGB Depth Text UCF-Crime/% 
✓ - - 87.16 
✓ ✓ - 87.69 
✓ - ✓ 87.58 
✓ ✓ ✓ 88.29 

 

The baseline MTFL model achieves 87.16% AUC, 
utilizing only RGB features. Introducing depth features 
alone improves the performance to 87.69% AUC, 
indicating that structural scene information captured by 
depth plays an important role in detecting anomalies. 
Similarly, replacing depth with text-based features results 
in 87.58% AUC, suggesting that semantic context 
extracted from textual descriptions also contributes to the 
performance. The highest 88.29% AUC is achieved by 
integrating all three modalities (RGB, depth, and text 
features), which demonstrates that multi-modal fusion 
enhances feature representation and anomaly 
differentiation. These results highlight the complementary 
nature of depth and text information, where depth 
facilitates in understanding spatial relationships, and text 
provides semantic meaning. 

E. Comparison of Feature Fusion Strategies 

To evaluate the impact of three feature fusion strategies 
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given in Figs. 6–8 (Section IV) is compared on the UCF-
Crime dataset. Table VII presents the AUC performance 
of these feature fusion strategies on the UCF-Crime dataset. 
Among the evaluated designs, Feature Fusion 2 achieves 
the highest performance with 88.29% AUC, demonstrating 
that averaging depth and text features prior to 
concatenation, while processing spatio-temporal features 
separately with MTFF feature fusion, leads to better 
anomaly detection. Feature Fusion 3 follows closely with 
87.92% AUC, where all three modalities are independently 
fused via MTFF module before concatenation. This 
indicates that direct fusion still captures useful cross-
modal relationships but may not be as effective as pre-
averaging certain modalities.  

TABLE VII. PERFORMANCE COMPARISON OF DIFFERENT FEATURE 

FUSION STRATEGIES, MEASURED BY AUC METRIC, IN THE PROPOSED 

MMTFL MODEL ON THE UCF-CRIME DATASET 

Experiment Strategy UCF-Crime/% 
Feature 
Fusion1 

MTFF (Concat (rgb, depth, text)) 87.66 

Feature 
Fusion2 

Concat (MTFF (rgb), Avg (depth), 
Avg (text)) 

88.29 

Feature 
Fusion3 

Concat (MTFF (rgb), MTFF 
(depth), MTFF (text)) 

87.92 

 

Moreover, Feature Fusion 1 records the lowest 
performance at 87.66% AUC, suggesting that early 
concatenation of all modalities before MTFF fusion may 
not optimally exploit complementary information across 
temporal scales. These results highlight the importance of 
evaluating different strategies for feature integration and 
show that selective pre-processing and adaptive weighting 
of different modalities can significantly impact anomaly 
detection performance. 

VII. CONCLUSION 

This paper proposes the MTFL model that leverages 
multiple temporal scales to understand behavior anomalies 
in videos, enabling a powerful fusion of motion details and 
event feature information for anomaly detection. The 
MTFL model achieves leading results on the UCF-Crime 
with 87.16% AUC and on the XD-Violence dataset with 
84.57% AP. It shows high performance in detecting 
anomalies without distinct motion patterns due to the 
advanced time-scale partitioning. The MTFL model 
captures fine-grained motion details and long-term 
contextual dependencies through multi-timescale tubelet 
analysis, extracting features at different short, medium, 
and long temporal resolutions. 

Moreover, the MMTFL model has been proposed to 
overcome the limitations of single-modal feature 
approaches, integrating spatio-temporal, depth, and text-
based features. MMTFL achieves 88.29% AUC on the 
UCF-Crime dataset, surpassing previous methods, and 
84.96% AP on the XD-Violence dataset. This approach 
improves structural understanding in real-world 
surveillance and ensures a complete representation of 
motion dynamics, enhancing the model’s ability to 
distinguish normal and anomalous events in complex 
video scenarios. 

The experimental results emphasize the importance of 
multi-modal fusion, integrating spatio-temporal, depth, 
and text-based features. The proposed models employ 
concatenation, averaging, multi-cross attention and self-
attention mechanisms to jointly exploit complementary 
information across modalities and align multiple temporal 
domains. Moreover, it is important to note that 
incorporating additional modalities enhances the 
performance of the anomaly detection model. While the 
feature extraction cost increases slightly, it remains within 
a range suitable for real-world applications. 

Limitations and Future Work: While our multi-modal 
anomaly detection framework demonstrates promising 
results, several key limitations remain. The current 
solution leverages pre-trained feature extraction models, 
which may not optimally capture domain-specific details 
without targeted fine-tuning. The availability and quality 
of diverse, well-annotated datasets are vital for further 
improving generalization and robustness. For future work, 
we plan to explore student–teacher learning mechanisms 
to transfer knowledge efficiently between large visual 
models. Additionally, we aim to address privacy concerns 
and optimize the approach for deployment on the resource-
constrained platforms (e.g., edge devices), to ensure safe 
and scalable use in real-world applications 
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