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Abstract: This study proposes a deep image classification network that fuses spatiotemporal features to address the limitations
of traditional methods in local feature extraction and global dependency modeling. At the input stage, multi-scale convolution is
applied to extract spatial structures and fine-grained textures under different receptive fields. An attention mechanism is then used
to model temporal dynamics, effectively capturing correlations between time steps and enhancing the ability to represent dynamic
changes. In the feature fusion stage, spatial and temporal features are weighted and integrated to form a unified high-level
representation, which is further fed into the classification layer for prediction. To ensure stability and generalization,
regularization is introduced to suppress overfitting, and systematic comparative and sensitivity experiments are conducted for
validation. Results show that the proposed method outperforms baseline models on multiple metrics, including AUC, ACC,
Precision, and Recall, demonstrating the advantages of spatiotemporal feature fusion. Data reduction experiments further reveal
the impact of dataset scale on performance, underscoring the importance of sufficient data for spatiotemporal modeling. Overall,
the method shows superior performance, robustness, and adaptability, providing a new solution for classification tasks in complex
image scenarios.

Keywords: Spatiotemporal feature modeling; deep image classification; feature fusion; sensitivity experiment

1. Introduction
In the field of contemporary artificial intelligence, image

classification has always occupied a central position. With the
emergence of large-scale datasets and the rapid development of
deep learning techniques, research on image classification is no
longer limited to static feature modeling. It has gradually
moved toward more complex and multidimensional approaches.
In practical applications, image data often contains not only
static spatial distribution information but also dynamic
temporal evolution patterns[1]. For example, in video
surveillance, medical image sequences, or remote sensing time-
series imagery, a single frame provides only limited spatial
structure, while the temporal dimension reveals deeper
semantic patterns. Therefore, relying solely on spatial features
often fails to capture the inherent rules of images, and
spatiotemporal feature modeling has become an important
direction for breaking through the performance bottleneck of
image classification[2].

As research has progressed, it has become clear that image
classification requires not only efficient extraction of local
features but also attention to global dependencies and temporal
dynamics. Spatial features can reflect shapes, textures, and
regional distributions, yet their variations across time often
reveal more representative patterns. In medical diagnosis, for
example, the progression of a lesion must be judged by
comparing images from multiple time points. In traffic
monitoring, temporal changes in the state of vehicles and
pedestrians reveal potential risks more effectively than static

frames. Such applications highlight the necessity of temporal
modeling for improving accuracy and interpretability.
Consequently, how to integrate static spatial information with
dynamic temporal information has become a critical scientific
question in the design of image classification networks[3].

From a methodological perspective, traditional
convolutional neural networks perform well in capturing local
spatial patterns, but they are limited in modeling long-term
dependencies and global dynamics. Recurrent networks and
their variants can process sequences, but are insufficient for
complex spatial structures. This structural gap means that
single networks often struggle to address spatiotemporal
coupling. Recent studies show that deep classification networks
capable of jointly modeling spatial and temporal information
within a unified framework are more likely to surpass the
limitations of single-dimension modeling. Such integration is
both theoretically challenging and practically promising,
providing more comprehensive feature representations for
image classification[4].

Image classification serves as a vital foundation for the
application of artificial intelligence, exerting profound
influence across many industries. Research on spatiotemporal
modeling can enhance performance in medical imaging,
autonomous driving, security monitoring, and industrial
inspection, while also providing more reliable support for
intelligent decision-making. In medicine, spatiotemporal
classification methods help physicians track disease
progression with greater precision, improving the scientific



basis of diagnosis. In intelligent transportation, recognition
systems that combine spatial and temporal information can
detect abnormal conditions in time, reducing risks. In remote
sensing and geographic information systems, capturing
spatiotemporal features enables more accurate identification of
land use changes and environmental dynamics. These
applications further demonstrate the significance of advancing
research in this field[5].

Overall, the study of deep image classification networks
with spatiotemporal modeling is both a natural evolution of
technology and a necessary response to practical demands. It
addresses the limitations of traditional methods in spatial and
temporal modeling and provides new solutions for cross-
domain applications. By advancing this direction, image
classification can achieve improvements in accuracy,
robustness, and interpretability, thereby laying a solid
foundation for artificial intelligence in complex scenarios.
Against this backdrop, this research is not only of theoretical
importance but also of practical value, opening new pathways
for image understanding and intelligent analysis.

2. Related work
In the development of image classification methods, deep

learning has significantly advanced the transition from
handcrafted features to automated spatiotemporal modeling.
Early foundational techniques used 3D convolutional neural
networks to jointly capture spatial and temporal characteristics
from image sequences, effectively learning volumetric features
for tasks such as action recognition [6][7]. This was further
expanded by frameworks that employed dual-path
convolutional networks to separate spatial and motion features,
enhancing recognition accuracy in dynamic scenes [8].

To address the limitations in long-term temporal
dependency modeling, recurrent convolutional networks were
introduced to combine spatial representation with sequence
learning [9]. These were followed by the adoption of attention
mechanisms that offered global contextual modeling across
space and time. Notable advancements included non-local
operations for modeling long-range dependencies [10],
multiscale attention-based anomaly detection in cloud services
[11], and temporal graph attention for dynamic clinical pattern
recognition [12].

The transformer architecture has also proven powerful for
video understanding, with hierarchical structures enabling
precise spatial-temporal interaction and improving
classification robustness [13][14]. These models enable end-to-
end learning of dependencies in complex environments,
significantly enhancing image sequence analysis. Additionally,
methods such as SlowFast networks and spatiotemporal
attention frameworks have demonstrated the benefits of
processing features at multiple temporal resolutions [15-17].

Beyond classification tasks, research in reinforcement
learning has contributed valuable modeling strategies
applicable to temporal decision-making. Approaches such as
multi-agent learning, dynamic resource orchestration, and
adaptive rate limiting in cloud-native systems offer insights

into managing sequential data, which parallels temporal
modeling in visual contexts [18-20].

While some works focus on different application domains,
such as electronic medical records or backend system
optimization, their methodologies-particularly attention-based
learning and deep reinforcement strategies-remain highly
relevant to spatiotemporal modeling. These studies further
validate the universality and adaptability of advanced deep
learning techniques in diverse real-world environments [21-23].

In summary, the evolution of spatiotemporal deep networks
and attention-based architectures has significantly enhanced the
capabilities of image classification models. These frameworks
lay the groundwork for further innovations in spatial-temporal
feature fusion, as pursued in this study.

3. Method
This study proposes a spatiotemporal joint modeling

framework for image classification, aiming to enhance the
representational capacity and discriminative robustness of
neural networks in complex and dynamic environments. The
overall architecture is designed through a series of targeted
structural modules that effectively integrate feature information
across both spatial and temporal dimensions.

First, the input image sequence is projected into a high-
dimensional embedding space to encode the spatial structural
patterns within the images. This embedding process not only
preserves local textures, edge contours, and contextual
relationships but also improves feature separability under
cluttered or variable backgrounds. The design is inspired by
recent advances in behavior analysis, where dense feature
extraction and multi-scale aggregation have proven effective
for improving recognition performance in scenarios involving
occlusion or behavioral interference [24]. By adopting this
strategy, the model acquires strong spatial perceptual capability
at the initial representation stage.

To further enhance the modeling of local spatial structures,
the framework incorporates multi-scale convolutional units that
extract spatial features under receptive fields of varying sizes.
This parallel multi-scale design enables the network to
simultaneously capture fine-grained texture details and high-
level structural patterns, resulting in stable and context-aware
spatial representations. The construction of this module aligns
with optimization strategies widely used in multi-object visual
modeling [25], where the coupling of multi-scale features with
spatial attention mechanisms has been shown to significantly
improve contextual modeling accuracy and robustness in
dynamic detection tasks.

Finally, through hierarchical feature integration, the model
develops spatial representations that are semantically rich and
structurally stable, providing a strong foundation for
subsequent temporal modeling. This structured spatial
representation strategy ensures that the network maintains high
discriminative performance and generalization ability, even
under challenging conditions such as viewpoint changes,
illumination variations, or object occlusions. The overall



architecture of the model is illustrated in Figure 1, and its
formal definition is as follows:

Figure 1. Overall model architecture
In the process of temporal feature modeling, the study

adopts a dynamic aggregation method based on the attention
mechanism to capture global dependencies by calculating the
correlation between different time steps. Specifically, given the
feature representation tx of the input sequence, the query,
key, and value vectors are first mapped through the embedding
layer and weighted based on the inner product correlation. The
formula is as follows:
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Where VKQ ,, represents the query, key, and value

matrices, respectively, and kd is the scaling factor. This
mechanism can highlight the important features contained in
the key frames in the time series and weaken irrelevant
information, allowing the classification model to better grasp
the temporal dynamics.

In the feature fusion stage, spatial and temporal features
are expressed uniformly through weighted aggregation to avoid
the limitations of single-dimensional information. The fused
feature vector h is mapped to the classification space through
linear transformation, and the cross-entropy loss function is
used as the optimization objective, which is defined as:
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Where C represents the number of categories, iy is the
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is the model's predicted probability.
This loss function effectively measures the difference between
the predicted and true labels and guides the model to
continuously adjust parameters during training to improve
discrimination performance.

In addition, to further improve the model's stability and
generalization capabilities in complex scenarios, regularization
constraints are introduced into the method. During the training
process, sparsity constraints are added to the latent

representation space to make feature learning more selective.
The specific form can be expressed as:
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Where W is the model parameter and  is the
regularization coefficient. This constraint prevents model
overfitting while promoting feature transfer across different
task environments. By jointly minimizing the classification loss
and the regularization loss, the resulting model maintains high
accuracy while achieving improved robustness and
generalization, laying the foundation for subsequent multi-
scenario applications.

4. Experimental Results
4.1 Dataset

This study selects the ImageNet dataset as the primary
source for model training and evaluation. ImageNet is a large-
scale image recognition dataset that contains millions of high-
quality images. It is organized into thousands of categories
following a semantic hierarchy, which reflects the diversity of
natural images in terms of shape, color, background, and scene.
Due to its large scale and broad category distribution, the
dataset provides abundant samples to support the training of
deep image classification models.

The goal of constructing this dataset is to promote the
development of image recognition algorithms in complex
visual scenarios. The images cover a wide range of categories,
including natural objects, animals, vehicles, and everyday
items. They include clear images of single objects as well as
complex samples with multiple targets in the same scene. Such
diversity allows models to effectively learn semantic features
at different levels and enhances their generalization ability in
real-world tasks.

In practical applications, the use of ImageNet not only
ensures the reliability of classification tasks but also provides
a solid foundation for transfer learning. Many downstream
vision tasks, such as detection, segmentation, and video
understanding, can benefit from fine-tuning models pretrained
on this dataset. This leads to significant improvements in task
performance. Therefore, choosing ImageNet as the
experimental dataset offers both universality and
representativeness. It also provides a credible benchmark and
valuable space for the development of the proposed method.

4.2 Experimental Results
This paper first gives the results of the comparative

experiment, as shown in Table 1.

Table1: Comparative experimental results

Model AUC ACC Precision Recall
XGBoost[8] 0.912 0.885 0.876 0.868
MLP[9] 0.925 0.892 0.881 0.879
Vision-
Transformer[10] 0.941 0.904 0.896 0.891

Swin-
Transformer[11] 0.949 0.912 0.902 0.897

Ours 0.962 0.928 0.919 0.914



From the comparison results, it can be seen that traditional
machine learning methods and basic neural networks show a
performance gap. XGBoost has strong nonlinear modeling
ability in its structure, but its performance is limited when
handling complex image features. Its scores on all four metrics
are lower than those of deep learning models. This indicates
that relying only on shallow features and tree structures is
insufficient to capture high-dimensional spatial patterns in
images, leading to suboptimal classification performance.

In contrast, MLP shows slight improvement in accuracy
and precision, suggesting that deep neural networks have an
advantage in automatic feature extraction. However, its
relatively simple structure cannot capture local spatial patterns
and long-range dependencies. As a result, its performance on
AUC and Recall remains restricted. This shows that MLP is
limited in global modeling and robustness and cannot fully
adapt to complex and diverse image scenarios.

Vision Transformer and Swin Transformer perform more
prominently. The former uses global attention to effectively
model cross-region dependencies, which improves overall
classification stability. The latter introduces a hierarchical
structure on this basis, further enhancing multi-scale feature
representation. Therefore, both models outperform XGBoost
and MLP across all four metrics. This confirms that joint
spatiotemporal modeling plays an important role in improving
image classification performance.

In the overall comparison, the method proposed in this
study achieves the best results on all metrics, with the most
notable improvements in AUC and Recall. This demonstrates
that the model not only classifies categories more accurately
but also shows higher sensitivity in coverage, ensuring
comprehensive detection of potential positive samples. This
advantage comes from the collaborative design of spatial
structure and temporal dynamics, which enables more complete
feature fusion and discrimination in complex image scenarios.
As a result, the model exhibits superior overall performance
compared with existing approaches.

This paper also presents a sensitivity experiment on the
reduction of the training dataset size to the single metric Recall,
and the experimental results are shown in Figure 2.

Figure 2. Sensitivity experiment of training dataset size
reduction on a single metric, Recall

From the figure, it can be observed that when the training
dataset remains at its full scale, the Recall reaches the highest
level, close to 0.92. This indicates that with sufficient samples,
the model can fully learn the distribution of spatiotemporal
features and identify target categories more accurately. The
result highlights the fundamental role of large-scale data in
supporting model generalization and stability.

As the training data is gradually reduced, the Recall value
shows a clear downward trend. The decline becomes more
pronounced when the dataset size falls to 60 percent or below.
This suggests that when samples are insufficient, the ability of
the model to capture both global and local spatiotemporal
features is limited, leading to the missed recognition of some
positive samples. This phenomenon reflects the sensitivity of
the model to data scale, meaning that dataset completeness
largely determines the recall level of classification.

At 40 percent and 20 percent of the dataset scale, Recall
drops to about 0.86 and 0.83, showing a clear performance
degradation. This reveals that under data scarcity, the model is
prone to losing critical feature information. It also shows that
complex spatiotemporal modeling structures have a stronger
dependency on training sample size. Although the model
maintains a certain degree of robustness, it still struggles to
fully demonstrate its advantages in small-sample scenarios.

Overall, the experimental results emphasize the importance
of large-scale datasets for spatiotemporal fusion image
classification models. Complete data not only improves the
model’s ability to learn dynamic features but also enhances
adaptability to complex scenes. Therefore, reducing the
reliance on data scale while ensuring performance becomes an
important direction for further optimization. Approaches such
as data augmentation or transfer learning can help compensate
for performance loss caused by limited samples.

5. Conclusion
This study conducts a systematic investigation of deep

image classification networks based on spatiotemporal feature
fusion. From method design to performance validation, the
proposed approach demonstrates significant advantages. By
integrating spatial feature extraction and temporal dynamic
modeling into the network, the model effectively captures
semantic information across different dimensions. At the
feature fusion stage, it achieves a unified representation of
global and local information. This design not only overcomes
the limitation of traditional methods that rely on a single
dimension but also provides stronger discriminative ability for
classification tasks in complex image scenarios. Experimental
results show that the proposed model outperforms existing
representative methods on multiple metrics, highlighting the
importance and necessity of spatiotemporal feature fusion.

In terms of overall performance, the method improves
classification accuracy while also showing outstanding stability
and robustness. Under various conditions, the model
demonstrates strong adaptability, maintaining good
performance across different dataset scales and complex



backgrounds. This reflects the rationality of the structural
design and its efficient support for learning large-scale data
patterns. Through systematic comparisons and sensitivity
experiments, the study further reveals the influence of dataset
size, hyperparameter settings, and environmental conditions on
model performance. These findings provide a useful reference
for subsequent model optimization and application expansion.

On the application level, the proposed spatiotemporal
fusion method has broad practical significance. In medical
imaging, it can help track the progression of lesions over time
and improve the scientific validity and reliability of clinical
diagnosis. In intelligent transportation, the model better
identifies risk states in dynamic environments, supporting
traffic safety management and autonomous driving. In remote
sensing, the method can be applied to classification tasks
involving land cover changes and environmental monitoring,
providing precise data support for urban planning and
ecological protection. These application values fully
demonstrate the contribution of the study to solving real-world
problems.

In summary, this research not only proposes a new solution
for spatiotemporal feature fusion from a theoretical perspective
but also shows strong practical potential in applications. Future
work may further explore the scalability of the method in larger
and more complex scenarios, while considering integration
with other deep learning techniques to enhance interpretability
and generalization. By continuously optimizing the approach
and expanding its application scope, this study is expected to
provide a stronger technical foundation and innovative
momentum for the development of artificial intelligence in
medicine, transportation, safety, and remote sensing.
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