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Abstract

Automated surveillance systems require models that can recognize abnormal events accurately while maintaining efficient inference on resource-
constrained hardware. This study proposes a lightweight spatial-temporal classification framework that integrates MobileNetV2 and Long Short-
Term Memory networks for identifying five surveillance activity classes: Normal, Fighting, Burglary, Road Accident, and Explosion.
Surveillance videos were preprocessed through frame sampling, resizing, normalization, and fixed-length sequence construction. MobileNetV2
was employed to extract compact frame-level spatial features, while the LSTM modeled temporal dependencies across consecutive frames. The
framework was evaluated using accuracy, class-wise precision, recall, F1-score, macro F1-score, weighted F1-score, confusion-matrix analysis,
and probability-based anomaly scoring. Experimental results on 463 video sequences show that the proposed model achieved an accuracy of
97.41%, a macro F1-score of 0.9612, and a weighted F1-score of 0.9744. Most classification errors occurred between visually similar human-
centered anomaly classes, particularly Fighting and Burglary, while Normal and Explosion sequences were recognized with very high reliability.
The trained model was converted into TensorFlow Lite format and deployed on a Raspberry Pi 4, achieving approximately 6—8 frames per second
with an average latency of 120—150 ms per frame. These findings indicate that the proposed MobileNetV2—-LSTM framework provides an
effective balance between multi-class event recognition, temporal representation learning, and near-real-time edge inference. However, further
validation on larger and more diverse surveillance datasets is required to confirm its generalizability under unconstrained operational conditions.

Keywords: Video Anomaly Classification, MobileNetV2, Long Short-Term Memory, Edge Computing, Intelligent Surveillance, TensorFlow Lite, Spatial—
Temporal Learning, Process Inovation

1. Introduction

The widespread adoption of closed-circuit television and networked cameras has significantly increased the volume of
surveillance video generated in public spaces, transportation systems, campuses, commercial facilities, and urban
infrastructure. Although these systems provide continuous visual coverage, their effectiveness remains highly
dependent on the ability of human operators to observe multiple video streams simultaneously. Prolonged monitoring
can lead to fatigue, delayed responses, and overlooked incidents, particularly when abnormal events occur only briefly
within long periods of routine activity. Automated video anomaly recognition has therefore become an important
research direction for identifying potentially dangerous events and supporting timely operational responses [1], [2],

13].

Early surveillance-video analysis methods commonly relied on handcrafted motion descriptors, trajectory information,
background modeling, and predefined behavioral rules. However, these techniques often exhibited limited robustness
when applied to environments involving illumination changes, camera movement, occlusion, crowded scenes, and
variations in human activity. Deep learning has subsequently enabled models to learn hierarchical visual
representations directly from video data, reducing dependence on manually designed features. Convolutional neural
networks, autoencoders, and fully convolutional architectures have demonstrated improved capability in recognizing
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irregular visual patterns and separating normal activities from abnormal observations [4], [5]. Nevertheless, methods
that process individual frames or primarily reconstruct visual appearances may not adequately represent how an event
develops over time.

Temporal information is essential because many surveillance events cannot be reliably interpreted from a single image.
Activities such as fighting, burglary, road accidents, and explosions are characterized not only by their visual
appearance but also by motion intensity, interaction patterns, and sequential changes across consecutive frames. Recent
studies have therefore explored temporal attention mechanisms, multi-timescale feature learning, weakly supervised
recognition, and representation-learning frameworks capable of capturing longer-range event dependencies [2], [6],

, [8], [9]. These developments have improved anomaly recognition performance, but many existing approaches
remain designed primarily for binary normal-versus-abnormal detection or anomaly-score estimation rather than
explicit identification of the event category.

The distinction between anomaly detection and anomaly classification is operationally important. A generic
abnormality alert may notify an operator that an unusual event has occurred, but it does not indicate the type of response
required. For example, fighting may require security intervention, a road accident may require medical assistance, and
an explosion may require immediate evacuation and emergency coordination. Reconstruction-based methods,
including convolutional autoencoders, typically define anomalies as deviations from learned normal patterns and
therefore do not inherently produce class-specific semantic labels [6], . A supervised multi-class framework can
instead learn discriminative representations for both normal activity and several predefined anomaly categories,
producing information that is more directly actionable.

Another unresolved challenge concerns computational feasibility. High-capacity three-dimensional convolutional
networks, attention-based architectures, and large representation-learning models can provide strong spatial-temporal
modeling, but their memory requirements and inference costs may restrict deployment on low-power surveillance
hardware [7], [8], [9]. Transmitting continuous video to cloud servers may also introduce communication latency,
bandwidth consumption, and privacy concerns. Edge-based inference addresses these limitations by processing
surveillance data close to the camera. However, an edge-deployable model must balance classification performance
with model size, inference latency, memory consumption, and processing throughput. MobileNetV2 offers an efficient
spatial feature extractor through depthwise separable convolution and inverted residual blocks, while Long Short-Term
Memory networks provide a practical mechanism for modeling temporal dependencies across frame-level
representations.

Accordingly, this study proposes a lightweight spatial-temporal framework that integrates MobileNetV2 and LSTM
for supervised classification of surveillance-video sequences into five categories: normal activity, fighting, burglary,
road accident, and explosion. MobileNetV2 extracts compact visual features from individual frames, whereas the
LSTM models their temporal evolution before multi-class prediction. The trained model is subsequently converted into
TensorFlow Lite format for deployment on a Raspberry Pi platform. The study evaluates the framework using overall
and class-wise classification metrics, confusion-matrix analysis, probability-based anomaly scoring, inference latency,
and processing throughput. Through this design, the study addresses the need for an anomaly-classification system that
combines semantic event identification, temporal modeling, and practical execution under constrained computational
resources.

2. Literature Review

Video anomaly analysis has evolved from conventional feature-engineering approaches toward representation-learning
models capable of extracting complex visual patterns directly from surveillance footage. Earlier methods commonly
employed optical flow, object trajectories, motion histograms, background subtraction, and manually defined
descriptors to identify deviations from normal activities. Although these approaches were computationally manageable,
their performance was often sensitive to illumination changes, camera perspectives, occlusion, crowd density, and
variations in event duration [1], [4], . Reconstruction-based deep learning subsequently became a prominent
approach, in which autoencoders, convolutional autoencoders, and generative models were trained to reconstruct
normal observations and identify anomalous sequences through elevated reconstruction errors |6, , . However,
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reconstruction quality does not always correspond directly to anomaly separability because sufficiently expressive
models may also reconstruct abnormal observations with relatively low error

To improve spatial representation, convolutional neural networks have been employed to learn discriminative features
from individual frames or short video segments. Three-dimensional CNNs extend conventional spatial convolution by
jointly processing temporal dimensions, thereby capturing appearance and motion within a unified architecture ,

. Other studies have incorporated multi-scale feature extraction, residual networks, vision transformers, and
pretralned visual-language representations to improve recognition under complex surveillance conditions [ 7]—[9],
Despite their strong representational capacity, these architectures frequently require substantial memory, hlgh
computational throughput, and hardware acceleration. Their practical deployment on embedded surveillance platforms
is consequently limited, particularly when continuous inference must be performed locally with restricted processing
and energy resources

Hybrid CNN-recurrent architectures provide an alternative strategy by separating spatial and temporal representation
learning. Within these models, a CNN extracts frame-level feature vectors, while recurrent units such as recurrent
neural networks, gated recurrent units, or LSTM networks model sequential dependencies among the extracted
representations , . LSTM is particularly suitable for surveillance-video analysis because its gating mechanism
can retain relevant temporal information while reducing the vanishing-gradient problem associated with conventional
recurrent networks. Previous CNN-LSTM frameworks have demonstrated promising performance in violence
recognition, accident detection, suspicious-activity identification, and general action classification [2], ,
Nevertheless, many reported models employ computationally intensive CNN backbones or evaluate performance
exclusively in conventional computing environments, without systematically considering deployment latency,
throughput, memory consumption, or model conversion for edge hardware.

Recent research has therefore increasingly emphasized lightweight architectures and edge-oriented model optimization.
MobileNet-based networks reduce computational cost through depthwise separable convolutions, while model
quantization, mixed-precision computation, pruning, and TensorFlow Lite conversion can further reduce storage and
inference requirements , . Existing edge-surveillance studies indicate that lightweight models can support
responsive local inference, but many remain restricted to binary anomaly detection, single-event recognition, or frame-
level classification without explicit temporal modeling [5], , . Consequently, there remains a need for a unified
framework that combines an efficient spatial backbone, sequence-level temporal learning, multi-class semantic
prediction, and deployment-oriented evaluation. The proposed MobileNetV2-LSTM framework addresses this
requirement by classifying normal activity and four anomaly categories while evaluating both predictive performance
and operational feasibility on a resource-constrained edge platform.

3. Methodology

This study develops a supervised spatial-temporal classification framework for recognizing five surveillance-video
activity classes: Normal, Fighting, Burglary, Road Accident, and Explosion. The overall workflow consists of four
sequential stages: video preparation, spatial feature extraction, temporal representation learning, and edge-device
deployment. Unlike reconstruction-based anomaly detectors that estimate abnormality only from reconstruction error,
the proposed framework directly learns class-specific decision boundaries from labeled video sequences [6]. The
complete experimental workflow should be presented through a revised version of the existing figure 1, as specified
below.



Journal of Applied Data Sciences ISSN 2723-6471

Vol. 7, No. 3, September 2026, pp. 2429-2441 2432
Raw B Video > Frame »| Resizing and »| Sequence
Surveillance Verification Sampling Normalization Formation
Videos and Labeling

G e e e e e e e m e R E SRR SRS S R0 e s
: Proposed MobileNetV2—LSTM Model ) :’ Edge Deployment \'l
1
| H i I
| O o o e | [ @ ® |
: Mohietve > s g 7> Model [} | TensorFlow Lite > Raspberry Pi ||
: Spatial Feature Temporal Multi-class ! Evaluation | Coniversion Tiference :
I Extraction Modeling Classification : i |
| |
\ ! \ 1

Figure 1. Overall workflow of the proposed MobileNetV2-LSTM surveillance-video classification framework

3.1. Dataset Preparation and Video Sequence Construction

The experimental dataset consists of 100 surveillance videos collected from public surveillance-video repositories and
publicly available annotated video sources. Each video was assigned to one of five classes: Normal, Fighting, Burglary,
Road Accident, or Explosion. Existing event annotations were retained when available, whereas videos collected from
public online sources were manually reviewed and labeled. Clips with unclear activities, overlapping event categories,
severe corruption, or insufficient visual evidence were excluded to reduce labeling ambiguity. The resulting videos
were subsequently segmented into fixed-length temporal sequences, producing 463 evaluable video sequences.

To preserve class proportions during model development, the resulting sequences were divided using a stratified 80:20
training—testing split. Stratification was applied at the class level so that every activity category remained represented
in both partitions. To prevent information leakage, segments originating from the same source video should remain
within only one partition. This video-level separation is essential because randomly distributing highly similar
segments from a single video across the training and testing sets could produce overly optimistic performance
estimates.

Each video was decoded into a sequence of frames using OpenCV. Frames were sampled at a fixed temporal interval

and resized to 64x64 pixels to reduce computational and memory requirements. Although higher input resolutions may

retain more fine-grained visual information, the selected resolution provides a practical balance between

representational quality and edge-device feasibility. Each pixel value was normalized into the interval [0,1] as follows:
. Xt

X =55o Q)

x; denotes the original RGB frame at time step t, and X; denotes its normalized representation. The normalized frames
were arranged into sequences of T = 30 consecutive frames. An input sequence is therefore represented as

Xi = {T1, %5, X}, 2

X; € RTXHXWXC [ = W = 64, and C = 3. Each sequence inherits the activity label of its corresponding temporal
segment. Fixed-length sequence construction ensures that the model receives inputs with consistent temporal
dimensions while preserving short-term activity progression. Table 1 summarizes the dataset-processing and system
configuration used during model development and deployment. Model training and preprocessing were performed
using Google Colab or a GPU-enabled computing system equipped with a multi-core CPU, at least 8 GB of RAM, and
an NVIDIA GPU to accelerate the training process. For deployment and real-time inference, the proposed system was
implemented on a Raspberry Pi 4 Model B with 4 GB of RAM. Video input can be obtained using either a Pi Camera
or a USB webcam, while the Raspberry Pi is powered by a 5V 3A USB-C adapter. This configuration provides a
lightweight edge-computing platform suitable for real-time video anomaly detection.

Table 1. Dataset and preprocessing configuration

Component Specification
Development Machine Google Colab / GPU-enabled system
Processor Multi-core CPU

Memory Minimum 8 GB RAM
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Graphics NVIDIA GPU (for faster training)

Deployment Device Raspberry Pi 4 Model B

RAM 4GB

Camera Module Pi Camera or USB webcam

Power Supply 5V 3A USB-C adapter

The original dataset explanation may be retained as the factual basis, but it should be replaced by the more structured
description above. The manuscript must also report the exact number of source videos and generated sequences per
class when these counts are available.

3.2. MobileNetV2-LSTM Spatial-Temporal Classification

The proposed architecture separates video representation learning into spatial and temporal stages. MobileNetV?2 is
employed as the spatial backbone because its depthwise separable convolutions and inverted residual blocks provide a
lower computational burden than conventional high-capacity CNN architectures . Meanwhile, the LSTM layer
models temporal relationships among consecutive frame-level features and retains activity information across the
observed sequence . For every normalized frame X, the classification head of MobileNetV2 is removed, and the
remaining backbone produces a compact feature vector:

fir = &(%5:6m), 3)

¢ () denotes the MobileNetV2 feature extractor, 0,, represents its parameters, and f; ; € R4 is the spatial feature vector
for frame t. The feature vectors extracted from all frames are concatenated chronologically:

Fi =[fi1 fizs -0 fir] € R™? 4)

The ordered feature sequence is then passed to the LSTM. At each time step, the LSTM updates its input, forget, output,
cell, and hidden states according to

i = o(Wis, + Uin,_, + by),
gr = (Wys, + Ugn,_, + by),
0; = O'(Woft + Uon,_, t+ bo), )
¢ = tanh(W,s, + Ucp,_, + be),

=9t Oc1+i O,
h: = o, © tanh(c;)

it, gs» and o, denote the input, forget, and output gates; c;, is the cell state; h; is the hidden state; o represents the
sigmoid function; and © denotes element-wise multiplication. The final hidden representation hy summarizes the
spatial-temporal information contained within the sequence. It is passed to a fully connected output layer followed by
softmax activation:

Zi = Wyhi,T + by,

_ ©)
Y exp(zic) Yo exp(z;), C =5,
Pi ¢ 1s the probability that sequence 1 belongs to class c. The final predicted label is
Y = arg CEI{T}ﬁfC} Pic- (7

The model is optimized using categorical cross-entropy:

1 X
L==3 . vielos(pic). v

i=1c=1
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N is the number of training sequences, y; . is the one-hot encoded ground-truth label, and p; . is the predicted
probability. Training was performed using the Adam optimizer for 20 epochs with a batch size of 2. A cosine-decay
learning-rate scheduler was employed to gradually reduce the learning rate during optimization. Mixed-precision
training using the mixed floatl6 policy was applied to reduce GPU memory consumption and accelerate training.
However, mixed precision should be described as a training optimization, while edge inference optimization should be
attributed to TensorFlow Lite conversion and any quantization procedure actually applied

Figure 2 illustrates the proposed MobileNetV2—-LSTM architecture for five-class video anomaly classification. Each
input sample consists of a sequence of 30 RGB video frames, with each frame resized to (64 x 64) pixels, resulting in
an input tensor of (30 x 64 x 64 x 3). The frames are processed independently but with shared weights through the
time-distributed MobileNetV2 backbone, which extracts spatial features from each frame. The resulting frame-level
features are arranged into a feature matrix of size (30 x d), where (d) denotes the dimensionality of the extracted feature
vector. These sequential features are then passed to the LSTM layer to model temporal dependencies across the 30
frames. The final hidden representation produced by the LSTM is subsequently processed by a dense layer and a five-
class softmax output layer. The five output classes are Normal, Fighting, Robbery, Road Accident, and Explosion.

Five-Class
Softmax Output
Frame-Level || (ISR | .. ... | [ |- e el
Input Sequence Time-Distributed Final Hidden
i LSTM Lay D: Lay Normal,
(30x64x64x3) [”| MobileNetV2 Backbone | | Feature Matrix R ™| Represcatstion e Fighting,
(30 X d) Burglary,

Road Accident,
Explosion

Figure 2. Detailed architecture of the MobileNetV2—LSTM model

4. Results and Discussion

The proposed MobileNetV2-LSTM framework was evaluated on 463 surveillance-video sequences distributed across
five activity classes: Normal, Fighting, Burglary, Road Accident, and Explosion. The evaluation examined overall
predictive performance, class-specific behavior, temporal anomaly scoring, and computational feasibility on a
Raspberry Pi edge device. The reported results demonstrate strong sequence-level classification performance, although
the findings should be interpreted in relation to the relatively limited and curated dataset.

4.1. Overall Classification Performance

The proposed MobileNetV2—-LSTM model correctly classified 451 out of 463 test sequences, resulting in an overall
accuracy of 97.41% and an error rate of 2.59%. The macro F1-score of 0.9612 indicates that the model maintained
strong and relatively balanced performance across the five activity classes, while the weighted F1-score of 0.9744
reflects the overall classification performance while accounting for the different numbers of samples in each class. The
overall classification performance of the proposed model is presented in table 2.

Table 2. Overall classification performance of the proposed model

Metric Value
Test sequences 463
Correct predictions 451
Misclassified sequences 12
Accuracy 97.41%
Error rate 2.59%
Macro F1-score 9.612
Weighted F1-score 9.744

As shown in table 2, 451 of the 463 evaluated sequences were correctly classified, while only 12 sequences were
misclassified. The resulting accuracy of 97.41% demonstrates that the model can reliably classify the five target
activities. The relatively small difference between the macro F1-score (0.9612) and weighted F1-score (0.9744) further
indicates that the high overall performance was not solely caused by the classes with larger support. The detailed
performance for each activity class is presented in table 3.
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Table 3. Class-wise performance of the MobileNetV2-LSTM model
Class Support Precision Recall F1-score

Burglary 50 0.8571 0.9600 0.9057
Explosion 54 0.9643 1.0000 0.9818

Fighting 134 0.9846 0.9552 0.9697

Normal 184 1.0000 1.0000 1.0000

Road Accident 41 1.0000 0.9024 0.9487

As shown in table 3, the model achieved its best performance on the Normal class, with perfect precision, recall, and
F1-score of 1.0000. The Explosion class also achieved excellent performance, with a recall of 1.0000 and an F1-score
of 0.9818. Fighting obtained an F1-score of 0.9697, while Road Accident achieved an F1-score of 0.9487. Burglary
obtained the lowest F1-score at 0.9057, mainly because some sequences from other abnormal classes were incorrectly
predicted as Burglary. The distribution of correct and incorrect predictions across the five classes is visualized in figure

3.

True Label

Burglary

Explosion

Fighting

Normal

Road Accident

Confusion Matrix

48 0 2 0 0
0 54 0 0 0
6 0 128 0 0
0 0 0 184 0
2 2 0 0 37
Burglary Explosion Fighting Normal  Road Accident
Predicted Label

Count
200

Figure 3. Confusion matrix of the proposed MobileNetV2—LSTM model

As shown in figure 3, the diagonal elements represent correctly classified sequences, whereas the off-diagonal elements
represent misclassifications. The model correctly classified 48 of 50 Burglary sequences, 54 of 54 Explosion sequences,
128 of 134 Fighting sequences, 184 of 184 Normal sequences, and 37 of 41 Road Accident sequences. The numerical
values corresponding to the confusion matrix in figure 3 are provided in table 4.

Table 4. Numerical representation of the confusion matrix

True class Predicted Predicted Predicted Predicted Predicted Road
Burglary Explosion Fighting Normal Accident
Burglary 48 0 2 0 0
Explosion 0 54 0 0 0
Fighting 6 128 0 0
Normal 0 0 184 0
A?c?z(eint 2 2 0 0 37

As shown in table 4, the diagonal contains 451 correct predictions, corresponding to the reported accuracy of 97.41%,
while the 12 off-diagonal values represent the classification errors. The largest individual error occurs for the Fighting
class, where six sequences are incorrectly classified as Burglary. For Road Accident, four sequences are misclassified,
with two predicted as Burglary and two as Explosion. No Normal sequence is misclassified, confirming the perfect

recall of the Normal class.
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Overall, the results demonstrate that the proposed MobileNetV2-LSTM model effectively distinguishes normal scenes
from multiple types of abnormal activities while also providing multiclass anomaly recognition. This capability enables
the system to identify specific anomaly categories—Burglary, Explosion, Fighting, and Road Accident—rather than
producing only a binary normal-abnormal decision, which can support more appropriate responses in practical
surveillance applications.

4.2. Error Patterns and Temporal Anomaly Behavior

The remaining classification errors were concentrated among activity classes with partially overlapping visual
characteristics. The detailed distribution of these errors and their possible causes is presented in table 5.

Table 5. Concentration of off-diagonal classification errors

True class Predicted Error Possible explanation
class count
Fighting Burglary 6 Rapid human movement and oc.:clusmn may resemble forced entry or
physical struggle
Burglary Fighting 2 Human-centered motion may overlap with aggressive interaction patterns
Rqad Burglary 2 Sudden scene movement may resemble suspicious human or object activity
Accident
Road . . . .
Accident Explosion 2 Impact, smoke, or visual disturbance may resemble explosion-related events

As shown in table 5, the largest source of error was the confusion between Fighting and Burglary, with six Fighting
sequences incorrectly classified as Burglary and two Burglary sequences incorrectly classified as Fighting. This
reciprocal confusion suggests that the model occasionally has difficulty distinguishing human-centered abnormal
activities involving rapid movement, close interaction, or partial occlusion. Road Accident sequences accounted for
four additional errors, with two classified as Burglary and two as Explosion. These errors may occur when vehicle
movement, impact, smoke, or abrupt changes in the visual scene produce patterns that overlap with other anomaly
categories. The error distribution indicates that the primary limitation of the proposed model is not the discrimination
between normal and abnormal activity, but rather the fine-grained separation of visually similar anomaly subclasses.
This observation is consistent with the class-wise performance shown in figure 4, where the precision, recall, and F1-
score of each activity class can be compared simultaneously.
Class-wise Precision, Recall, and F1-score -

22 Recall
7] Fl-score

09600 09643 l-m 0.9818 0.9846 09552 09697 1.0000 1.0000 1.0000  1.0000

0.9487

% 7 0.9024

7
Z 7

Burglary Explosion Fighting Normal Road Accident
Class

Figure 4. Class-wise precision, recall, and F1-score

As shown in figure 4, the model achieved strong performance across all five classes. The Normal class obtained perfect
precision, recall, and F1-score, while Explosion also achieved a high F1-score of 0.9818. Fighting achieved an F1-
score of 0.9697, followed by Road Accident at 0.9487 and Burglary at 0.9057. The lower precision of Burglary
(0.8571), compared with its recall (0.9600), indicates that several sequences belonging to other classes were incorrectly
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assigned to Burglary. This observation is consistent with the confusion matrix presented previously. Beyond the final
class prediction, the proposed model also produces a probability-based anomaly score for each temporal sequence. This
temporal behavior is illustrated in figure 5 using representative normal and abnormal sequences.

(a) Representative normal surveillance frame (b) Anomaly Score vs Time (Normal Sequence)

Anomaly Score

0.0 ; : T T T
0 20 40 60 80 100 120

Time (s)

(c) Representative abnormal-event frames (d) Anomaly Score vs Time (Abnormal Sequence)

Before event During event

Anomaly Score

«— Detected event onset

0.0 7 T T T T
0 20 40 60 80 100 120

Time (s)

Figure 5. Temporal anomaly-score comparison for normal and abnormal sequences

As shown in figure 5(a) and figure 5(b), the representative normal sequence maintains an anomaly score close to zero
throughout the observation period, indicating stable classification as a normal scene. In contrast, Figure 5(c) and Figure
5(d) illustrate an abnormal sequence containing an explosion event. Before the event, the anomaly score remains close
to zero; when the abnormal event begins, the score increases sharply and subsequently remains at a high level. The
detected event onset therefore corresponds to a clear temporal change in the model's output.

The temporal response demonstrates that the model can provide information beyond a single video-level classification
by indicating when abnormal activity emerges within a sequence. In the representative explosion example, the strong
increase in anomaly score corresponds to the appearance of smoke and intense visual disturbance. If the approximately
96% confidence value is obtained directly from the model's softmax output, it may be reported as the model's predicted
probability for the Explosion class; otherwise, the confidence value should not be inferred solely from the confusion
matrix. The discriminative capability of the model was further evaluated using one-versus-rest receiver operating
characteristic (ROC) curves. The results are presented in figure 6.

As shown in figure 6, all five classes exhibit ROC curves substantially above the diagonal reference line, indicating
strong discrimination between each target class and the remaining classes. The Normal class achieved the highest
discrimination with an AUC of 1.00, followed by Explosion with 0.98, Fighting with 0.97, Road Accident with 0.96,
and Burglary with 0.95. These results are consistent with the class-wise precision, recall, and F1-score values reported
in Table 3 and further demonstrate the strong classification capability of the proposed MobileNetV2-LSTM model.

Overall, the evaluation results indicate that the proposed framework performs particularly well in distinguishing normal
scenes from abnormal activities and maintains high discrimination across the five target classes. The remaining errors
are primarily associated with visually similar abnormal events rather than confusion between normal and abnormal
scenes. Future improvements could therefore focus on motion-aware attention mechanisms, object-level localization,
optical-flow features, temporal feature enhancement, and additional training samples for difficult class pairs such as
Fighting—Burglary and Road Accident—Explosion.
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Figure 6. One-versus-rest ROC curves for the five activity classes

4.3. Edge-Device Performance and Practical Feasibility

Following model training, the proposed MobileNetV2—-LSTM model was converted into TensorFlow Lite (TFLite)
format and deployed on a Raspberry Pi 4 Model B with 4 GB RAM. The resulting edge-inference performance is
summarized in table 6.

Table 6. Edge-deployment performance

Deployment measure Result
Deployment device Raspberry Pi 4 Model B
Device memory 4 GBRAM

Model format TensorFlow Lite

Average inference latency 120-150 ms per frame
Processing throughput Approximately 6—8 FPS

Deployment category Near-real-time edge inference

As shown in table 6, the deployed model achieved an average inference latency of approximately 120—150 ms per
frame, corresponding to a processing throughput of approximately 6—8 frames per second (FPS). These results
demonstrate that the model can perform local inference directly on the Raspberry Pi without requiring continuous
cloud-based processing or transmission of video data to a remote server. This edge-based configuration can reduce
dependence on network connectivity and potentially improve privacy by keeping surveillance data locally processed.

The measured processing rate should, however, be interpreted in the context of the application requirements. A
throughput of 6-8 FPS is below the 25-30 FPS commonly used for conventional surveillance video streams; therefore,
the system is more accurately described as providing near-real-time or responsive edge inference, rather than full-
frame-rate real-time processing. The proposed implementation is particularly suitable for applications in which activity
recognition is performed on sampled frame sequences rather than on every frame of a high-frame-rate video stream.

The deployment results indicate that the MobileNetV2-LSTM architecture provides a favorable balance between
classification performance and computational requirements. MobileNetV2 serves as a relatively lightweight spatial
feature extractor, reducing the computational cost of processing individual frames, while the LSTM captures temporal
dependencies across the sequence of extracted frame-level features. Converting the trained model to TensorFlow Lite
further facilitates deployment on resource-constrained edge hardware.
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Nevertheless, the reported computational performance should be interpreted together with the experimental limitations.
In particular, the reported accuracy was obtained from a dataset containing only 100 curated source videos, which may
not adequately represent the diversity of real-world surveillance environments. High performance may partly result
from relatively clear class boundaries, recurring visual settings, or limited environmental variation. Similarly, the
reported 6—8 FPS throughput and 120-150 ms latency should be understood as measurements for the specified
Raspberry Pi configuration and implementation rather than universal performance values for all edge devices.

Therefore, the current results demonstrate the feasibility of deploying the proposed MobileNetV2—-LSTM framework
for near-real-time edge-based surveillance analysis, but they should not yet be interpreted as evidence of broad real-
world generalization. Further evaluation using larger and more diverse datasets, unseen camera locations, crowded
scenes, different illumination conditions, occlusions, varying camera viewpoints, and cross-dataset testing is required
to establish the robustness and generalizability of the proposed framework.

5. Conclusion

This study presented a lightweight spatial-temporal framework that integrates MobileNetV2 and LSTM for classifying
surveillance-video sequences into five activity categories: Normal, Fighting, Burglary, Road Accident, and Explosion.
MobileNetV2 was used to extract efficient frame-level spatial representations, while the LSTM modeled temporal
dependencies across consecutive frames. The proposed framework achieved an accuracy of 97.41%, a macro F1-score
of 0.9612, and a weighted Fl-score of 0.9744 across 463 evaluated sequences. Most classification errors occurred
between visually similar activities, particularly Fighting and Burglary, indicating that the principal challenge lies in
fine-grained discrimination among human-centered anomaly classes rather than in separating normal from abnormal
activity.

Conversion to TensorFlow Lite enabled the model to operate on a Raspberry Pi 4 with an average latency of
approximately 120—150 ms per frame and a processing rate of 6—8 FPS. These findings demonstrate that the architecture
provides a practical balance between semantic event classification, temporal modeling, and computational efficiency.
The model is therefore suitable as a foundation for near-real-time surveillance applications in resource-constrained
environments, although its current performance should not yet be interpreted as evidence of universal real-world
generalization.

The primary limitation of this study is the relatively small and curated dataset, which may contain clearer class
boundaries than unconstrained surveillance environments. Future research should evaluate the framework using larger
benchmark datasets, unseen camera locations, crowded scenes, low-light conditions, and cross-dataset validation.
Further improvements may include attention-based motion representation, object localization, model quantization, and
expanded edge-performance profiling to improve discrimination among similar anomalies and establish deployment
reliability under more diverse operational conditions.
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