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Abstract

Fine-grained land classification provides low-cost and efficient data support for land
resource monitoring, agricultural assessment, and ecological protection. However, classifi-
cation methods based on field-captured images often suffer from performance limitations
due to challenges such as the complexity of land categories, variations in illumination and
viewing angles, seasonal changes, and the absence of spatiotemporal metadata. Addressing
the characteristics of significant seasonal variations in crops and strong correlations be-
tween adjacent land parcel categories, this paper proposes a robust Spatiotemporal Fusion
Network (STF-Net) for fine-grained land classification by fusing images with spatiotem-
poral metadata. The main components of STF-Net include a visual backbone network, a
spatiotemporal metadata encoder, a cross-modal multi-head attention fusion module, and
a fallback branch designed for cases where metadata is missing. The model is robust to
missing metadata and adaptable to different visual backbone networks such as the Swin
Transformer and EfficientNet. Experiments on a dataset containing 91 categories of land
use photos show that STF-Net achieves an overall accuracy of 93.54% and an F1-score of
0.92, significantly outperforming baseline models. Ablation studies further validate the
necessity of fusing spatiotemporal metadata.

Keywords: land use classification; spatiotemporal metadata; feature fusion

1. Introduction

Against the backdrop of strengthening ecological protection and natural resource
supervision, higher requirements are placed on the fine-grained monitoring of land use
status. Particularly concerning the red-line policy for cultivated land protection and the
supervision of illegal land use changes, efficient and accurate technical means are needed
to assist management departments in identifying changes in land types [1]. Traditionally,
remote sensing image classification has been widely used for macro-scale land cover moni-
toring [2—4]. However, in practical land change verification work, field survey personnel
also capture a large number of on-site evidentiary photos as direct evidence for determining
land type changes. Currently, the analysis of these evidentiary photos primarily relies on
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manual inspection and comparison, which suffer from issues such as heavy workload and
subjective influences. Therefore, developing an intelligent method to automatically identify
land categories and cultivation status from photos is of significant practical importance. It
can not only greatly improve the efficiency of land change verification but also objectively
enhance the consistency and accuracy of determinations.

Unlike remote sensing images, ground-based photographs are characterized by di-
verse viewing angles, significant scale variations, and complex backgrounds. They are
also typically accompanied by metadata such as capture time and GPS coordinates. This
additional spatiotemporal information contains contextual cues for land categories: the lon-
gitude and latitude of the capture location imply the geographical environment, while the
capture date reflects the crop phenological cycle [5]. Such multimodal data characteristics
render the simple migration of remote sensing image classification methods insufficient
for achieving ideal results. Therefore, it is necessary to explore innovative approaches
that fuse visual models with spatiotemporal metadata. In recent years, deep learning has
achieved remarkable progress in the field of image classification, with the continuous emer-
gence of models from classic Convolutional Neural Network (CNN) to Vision Transformer
(ViT). Among them, Transformer models, relying on the self-attention mechanism, excel at
capturing global dependencies and have shown great potential in tasks such as image classi-
fication. Particularly, the Swin Transformer, with its hierarchical local self-attention design,
has surpassed traditional CNNSs in various visual tasks. By applying the Swin Transformer
to land category classification and integrating temporal and spatial metadata, we aim to
fully leverage the representational capacity of deep models to achieve fine-grained land
type identification. This research differs from traditional remote sensing image classifi-
cation, focusing more on fine-grained object recognition from a ground perspective and
serving as an effective supplement and extension to remote sensing interpretation.

Building upon the aforementioned motivations, this paper proposes a land category
recognition method based on the Swin Transformer and spatiotemporal information fusion.
With the research objective of improving the classification accuracy of field evidentiary pho-
tos, we design a visual feature extraction network centered on the Swin Transformer. This
network is combined with periodic temporal encoding and geographic location encoding
to construct spatiotemporal metadata features, which are then effectively fused with image
features through a multimodal attention mechanism. The main contributions of this paper
include the following:

e Proposing a Robust Spatiotemporal Fusion Network (STF-Net). Its core modules in-
clude an image visual backbone network, temporal and geographic location metadata
encoding, and a cross-modal multi-head attention fusion mechanism. The visual back-
bone network supports architectures such as the Swin Transformer and EfficientNet,
with the Swin Transformer yielding the best performance.

e  Addressing the issue of missing spatiotemporal metadata in some evidentiary photos
by designing a lightweight fallback branch that enables the model to accommodate
both complete and missing metadata inputs, thereby enhancing its robustness in
practical applications.

e  Systematically validating the effectiveness of STF-Net through extensive experiments,
including its compatibility with various backbone networks like the Swin Transformer
and EfficientNet, and demonstrating the necessity of fusing spatiotemporal metadata.

2. Related Work
2.1. Visual Applications of Transformer Architecture

The Transformer network architecture is widely applied in the field of Natural Lan-
guage Processing (NLP). Due to its excellent performance, the Transformer network archi-
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tecture has been introduced into the domain of natural images and is currently a research
hotspot in visual recognition tasks. Both Transformer and Vision Transformer are based
on the attention mechanism architecture, which is also extensively used in Convolutional
Neural Networks. The attention-augmented convolutional network [6] concatenates convo-
lutional feature maps with a set of feature maps generated through self-attention to enhance
the model’s ability to capture long-range information. Numerous experiments have shown
that, with a comparable number of parameters, this model achieves higher classification ac-
curacy than the Squeeze-and-Excitation Network (SENet), validating that the self-attention
mechanism can enhance the classification and recognition capability of CNNs. In the object
detection model Desktop Exploration of Remote Terrain (DERT) [7], CNNs are solely used
to extract basic features, while the encoder and decoder parts fully leverage Transformers,
forming a Transformer-based encoder—decoder sequence prediction framework capable of
predicting all targets at once. Vision Transformer [8] abandons the CNN architecture and
employs the Transformer architecture to address image-related problems. Input images
are divided into patches, which are then fed as sequences into subsequent Transformer
encoders. The Transformer in Transformer (TNT) [9] model improves upon ViT by dividing
patches into sub-patches, representing the image at a finer granularity. Studies have shown
that the TNT model exhibits stronger learning capacity and generalization ability. Swin
Transformer [10] proposes a hierarchical Transformer, which divides patches into multiple
windows and employs local attention mechanisms within these windows. Simultaneously,
to address information interaction between windows across different layers, a shifted
window strategy is adopted to facilitate cross-window connections between upper and
lower layers. This hierarchical design provides substantial flexibility for modeling features
at different scales. The Swin Transformer has also been widely applied in agricultural
remote sensing and plant disease recognition tasks.

2.2. Deep Learning and Land Class Recognition

Land type image recognition aims to classify geographical scenes and surface cover
types. Traditional methods primarily rely on remote sensing imagery and spectral infor-
mation [11-14]. Convolutional Neural Networks have achieved significant results in this
task due to their powerful local feature extraction capabilities. CNNs can automatically
learn discriminative features from images, demonstrating high accuracy in remote sensing
image scene classification.

In recent years, Vision Transformer has been introduced into the fields of remote sens-
ing image interpretation and ground-based scene classification, exhibiting characteristics
distinct from CNN. By directly modeling long-range dependencies between image patches
through self-attention mechanisms, ViT excels in capturing global contextual informa-
tion [15]. However, notable differences exist between remote sensing images and ground-
captured photographs in terms of data characteristics and classification objectives. Remote
sensing images are typically captured from an overhead perspective, containing multi-scale
and densely distributed targets within a single image, with complex scenes [16]. In contrast,
ground-based photographs often have a prominent subject and relatively simpler back-
grounds. For ground-based photographs, spatiotemporal metadata captured alongside
the images can provide valuable prior knowledge. For instance, Tang et al. [17] utilized
GPS coordinates to assist in internet image classification, confirming that incorporating
seasonal and location context improves regional scene recognition accuracy. Research [18]
has constructed spatiotemporal prior distributions for species, transforming observation
data into probabilities of a category occurring at specific times and locations, and then
fusing them with visual classification results, significantly enhancing fine-grained recog-
nition performance. These studies indicate that for land feature categories with distinct
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spatiotemporal distribution patterns, integrating metadata can effectively enhance the
model’s discriminative ability.

In the domain of multimodal information fusion, various methods have been pro-
posed for images accompanied by auxiliary information. In tasks such as visual question
answering and image caption generation, Transformer-based cross-modal attention mech-
anisms have achieved remarkable success. For the fusion of structured metadata (e.g.,
time, location) with images, common strategies include feature concatenation, weighted
fusion, or attention-based interaction mechanisms. The dynamic MLP method proposed
by Yang et al. [19] instantiates network weights based on the longitude, latitude, and
time of each image to conditionally transform visual features. This approach achieved
an accuracy of 91.39% on the iNaturalist fine-grained classification dataset, validating the
effectiveness of deep cross-modal interaction. Minetto et al. [5], on the other hand, pro-
posed the Hydra framework, which employs CNN ensembles combined with geographic
metadata for land use classification. Overall, the fusion strategy is crucial for model perfor-
mance. Simple feature concatenation often fails to fully exploit inter-modal relationships,
while attention-based interaction mechanisms are more conducive to achieving efficient
cross-modal representation.

Since the introduction of ViT by Dosovitskiy et al. [8], the Transformer architecture
has been applied to vision tasks such as image classification. However, ViT produces a
single-scale global feature map, making it difficult to directly adapt to the needs of multi-
scale object analysis. Swin Transformer, proposed by Liu et al. [11], addresses this through
hierarchical design and shifted window self-attention, establishing an efficient multi-scale
feature extraction backbone. It has demonstrated excellent performance in ImageNet classi-
fication and various downstream tasks. Its core idea is to restrict self-attention computation
to local windows to reduce complexity, while enabling cross-window information exchange
through window shifting between layers, thereby balancing local details and global seman-
tics. Swin Transformer has been proven to outperform traditional Convolutional Neural
Networks in remote sensing image scene classification. For instance, Jannat et al. [20]
applied it to land cover classification, achieving higher accuracy. Zhang et al. [21] devel-
oped the ED-Swin model based on an improved Swin Transformer for cassava disease
classification in UAV imagery, significantly enhancing recognition performance in complex
backgrounds. These advancements indicate the significant application value of the Swin
Transformer in agricultural and geoscientific image analysis.

Additionally, Spatial Pyramid Pooling (SPP) [22] converts feature maps of variable
sizes into fixed-length vectors through multi-scale pooling operations, enhancing the
model’s robustness to scale variations. It is commonly employed to improve the perfor-
mance of classification and detection tasks.

In the field of fine-grained image classification, extracting discriminative features from
limited samples has long been a research focus. Tang et al. [23] proposed a two-stage meta-
learning framework for few-shot fine-grained recognition. By constructing a multi-scale
feature pyramid and a multi-level attention pyramid, their method captures discriminative
information at different granularities without requiring additional annotations, achiev-
ing leading results on standard fine-grained datasets such as CUB-200-2011 and Stanford
Cars. Wang et al. [24] designed a depth-wise separable residual attention module and a
global spatial attention mechanism based on Swin Transformer for fine-grained pest image
recognition. By enhancing local feature representation and fusing multi-scale information,
their method achieved strong performance on datasets such as IP102. Zhang et al. [25]
introduced a multimodal fine-grained Transformer model that combines self-supervised
learning with fine-grained recognition and leverages joint multimodal information from
images and natural language descriptions, significantly improving classification accuracy
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in few-shot pest recognition tasks. Ding et al. [26] proposed an attention pyramid convolu-
tional network that uses a top-down feature pathway and a bottom-up attention pathway
to exploit both high-level semantic and low-level detailed information, together with an
ROI-guided refinement strategy, further advancing fine-grained classification accuracy.

Existing research has made important progress in both multimodal fusion and
Transformer-based multi-scale representation. However, land classification scenarios have
their own specific characteristics. First, phenological changes in crop categories cause visual
features to fluctuate significantly over time. Second, geographical environment differences
lead to variations in the growth status of the same crop. Third, some categories have scarce
samples, and spatiotemporal metadata may be missing. Traditional fine-grained methods
do not fully account for these characteristics. By drawing on the above ideas of feature
mining and multimodal fusion, the proposed STF-Net achieves precise adaptation to land
classification scenarios through spatiotemporal metadata encoding, cross-modal multi-
head attention fusion, and an adaptive fallback branch for missing metadata. It constructs
a fine-grained land classification model that effectively fuses visual and spatiotemporal
metadata while possessing multi-scale modeling capabilities, thereby improving the ac-
curacy and practicality of land classification and addressing the shortcomings of existing
methods in this task.

3. Materials and Methods
3.1. Dataset Analysis

This study employs a field-captured land category photograph dataset from the
Guangxi region of China for evaluation. The dataset contains a total of 38,580 land cat-
egory photographs, covering 91 types of surface features (including 87 fine-grained cul-
tivated land subcategories). The land category photograph dataset exhibits the follow-
ing characteristics:

(1) Land categories exhibit spatiotemporal characteristics. The appearance of the same
land category can vary significantly across different time periods and seasons, which in-
creases the difficulty for models to discriminate between different land categories. Figure 1
displays land category photographs of the same parcel at different periods (a)-(d) and
photographs of different parcels at different periods (e)—-(h), presented in pairs. It illustrates
the spatiotemporal variation features and growth environment characteristics of typical
crops in Guangxi, China. The temporal evolution of the same parcel (a)—(d) clearly shows
that crop morphology possesses distinct visual characteristics in different seasons. The
spatial comparison of different parcels, (e)—(h) in Figure 1, reveals the differentiation in
environmental adaptation, such as the stark contrast of ipomoea aquatica in paddy fields
versus irrigated fields, and colocasia esculenta in cultivated land versus depressions. The
visual similarity of rice paddies from the sowing stage to the maturity stage is low. These
observations indicate that phenological cycles and geographical environments cause the
visual features of the same land category to differ greatly. The discriminative ability of
traditional visual models is insufficient, posing a severe challenge to the classification and
recognition tasks of deep learning models.

(2) The land use classification dataset used in this study encompasses 5 major cat-
egories and 91 fine-grained subcategories, comprising a total of 38,474 samples. Some
subcategories have extremely limited sample sizes, with certain classes containing as few
as a dozen samples. This characteristic necessitates that the model, in achieving fine-
grained land classification, must address challenges such as a wide variety of categories
and imbalanced sample distribution.
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(d) Momordica charantia (h) Oryza sativa

Figure 1. Examples of spatiotemporal characteristics and growth environments of typical crops
in Guangxi.

(3) There is a lack of spatiotemporal metadata. We have analyzed the spatiotemporal
metadata of the dataset. 89.69% of the photographs possess capture time information,
89.56% have geographical location information, and the proportion with complete spa-
tiotemporal information is 89.56%. This means that 10.44% of the photographs are missing
spatiotemporal metadata. Spatiotemporal information holds significant auxiliary discrimi-
native value in distinguishing between different land feature categories with similar visual
characteristics. For samples lacking spatiotemporal information, no performance gain from
spatiotemporal information fusion can be expected. Moreover, using invalid fill values for
missing data may introduce noise, potentially interfering with the model’s judgment.

To enhance the accuracy and robustness of land category recognition models, this
study aims to design a multimodal fusion model that can effectively integrate image visual
information with its corresponding spatiotemporal metadata to improve the classification
accuracy of land category photographs. By fusing metadata such as capture time and
geographic location with image features, the model can leverage these auxiliary cues
to reduce ambiguity and more reliably distinguish between different land categories in
complex environments. We employ image data augmentation methods to address the
issue of imbalanced sample sizes. Additionally, a fallback mechanism is designed: when
metadata is complete, the model fully utilizes the advantages of multimodal fusion; when
metadata is missing, the model automatically reverts to relying solely on image visual
features for classification. This ensures reliable operation of the model under various input
conditions. This multimodal fusion strategy is expected to comprehensively improve both
the accuracy and robustness of land category recognition.

3.2. Model Overview

Given field-captured photographs of ground objects and their associated metadata, the
task is to determine the corresponding land category of each photograph. The categories
include various fine-grained crop cultivation statuses under cultivated land, as well as
forest land, garden land, roads, filled earth, etc., totaling 91 classes. Cultivated land is
further subdivided into 87 subcategories. Some of these categories exhibit minimal visual
differences, presenting challenges such as high inter-class feature similarity and significant
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intra-class feature variation, making classification particularly difficult. The input for this
task is an RGB photograph of a ground object I,;, along with its capture timestamp ¢, and
longitude-latitude coordinates I,,. The output is the predicted land category label y,. In
cases where metadata is missing, the model must predict the category based solely on
the image.

The workflow of our land category recognition model, as illustrated in Figure 2,
comprises four main components: an image visual backbone, a spatiotemporal encoding
module, a multimodal fusion module, and a classification output layer. First, a pre-trained
Swin Transformer is utilized as the visual backbone to extract hierarchical visual feature
representations from the input photograph I,. Concurrently, the photograph’s capture
time t, and geographic coordinates [, are fed into the spatiotemporal encoding module,
which generates corresponding temporal and spatial features and combines them to form a
spatiotemporal meta-feature vector. Then, within the fusion module, the visual features
and spatiotemporal meta-features are interactively fused through a multimodal attention
mechanism, resulting in a fused joint representation. Finally, the joint features are passed
through a fully connected classification layer to output a probability distribution over the
land categories. The entire model is trained end-to-end by minimizing the cross-entropy
loss between the predicted values and the ground truth labels to learn the parameters of all
modules. During the inference phase, the model directly predicts the land category based
on the input photograph and its metadata. This design enables the model to leverage both
the powerful image representation capability of the Swin Transformer and the effective
integration of temporal and spatial prior knowledge, thereby meeting the requirements for
fine-grained classification of land category photographs.

Spatiotemporal
Metadata encoding

A

Y

Original land type > Image and metadata Adaptive multimodal N Classified output
photos preprocessing fusion module

Y

Visual feature extraction

Figure 2. Flowchart of the land type classification model.

3.3. Methodology

This section systematically describes the core components and key techniques of the
STF-Net model. The overall structure of the model is shown in Figure 3, and the data flow
proceeds as follows. The input image first passes through the Swin Transformer visual
backbone to extract multi-scale features, which are then aggregated into a fixed-dimensional
image feature vector by the Spatial Pyramid Pooling module. Meanwhile, the capture time
and GPS coordinates are encoded through temporal and spatial encoders, then mapped
by a multilayer perceptron into a metadata feature vector. These two vectors are jointly
fed into the multi-head attention fusion module for cross-modal interaction. If metadata is
missing, the fallback branch is automatically activated and uses the image features directly.
Finally, the fused features or the fallback features are sent to the classifier for land category
prediction. The detailed design of each module is described in the following subsections.
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Figure 3. The STF-Net network structure diagram.

3.3.1. Visual Backbone Network

This paper adopts the Swin Transformer as the backbone network for visual feature
extraction. The network divides the input image into fixed-size patches and converts
them into a token sequence through linear projection. Subsequently, the sequence passes
through multiple Transformer layers for feature transformation, and the spatial resolution
is progressively reduced while the channel count is increased via Patch Merging operations,
thereby constructing a pyramidal multi-scale feature representation. The Swin Transformer
introduces the Shifted Window mechanism, which shifts the self-attention windows be-
tween adjacent layers to enable effective modeling of cross-region contextual information.
This design preserves the advantages of the Transformer in capturing long-range depen-
dencies while significantly reducing the computational cost of global self-attention. The
Swin Transformer weights pre-trained on the ImageNet dataset are used for initialization
and fine-tuned on the target dataset.

The final layer of the Swin Transformer outputs a low-resolution feature map. To
convert it into a fixed-length feature vector for subsequent multimodal fusion, a Spatial
Pyramid Pooling module is appended after the backbone network. This module performs
multi-scale pooling operations on the input feature map using three pooling windows of
sizes1 x 1,2 x 2, and 4 x 4, yielding 1, 4, and 16 pooled outputs, respectively. These
outputs are flattened and concatenated to form a unified feature vector. Assuming the
input feature map has C channels, the output dimension of the SPP module is 21 x C. This
structure aggregates feature responses at different spatial scales, helping the model capture
both broad scene context and local detail information simultaneously.

3.3.2. Temporal and Spatial Metadata Encoding

The capture time and geographic location contain valuable prior information for
land category recognition. Cultivated land images captured in different months typically
correspond to distinct crop types or growth stages, while vegetation distribution also varies
significantly across different geographical regions. Therefore, this paper encodes temporal
and spatial metadata into structured feature vectors separately, which are then fused with
visual features.
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To capture the periodic patterns in capture time, we employ a sine—cosine periodic
encoding method. Specifically, the timestamp is decomposed into three periodic compo-
nents: season, month, and day of the year. For each component, its sine and cosine values
are computed to form a dual-channel periodic encoding. Let m denote the month and d
denote the day of the year. The encoding is calculated as follows:

Seasonal encoding;:

Sein = sin <43> 1)
Scos = cos <4> ()
Monthly encoding:
. (2mm
My = sin <12> 3)
27T-m
M_os = cos (12> (4)
Daily encoding:
Dy, = sin 2d 6)
sin — 65
27-d
Dcos = cos (365) (6)

where m denotes the month of the capture time, d denotes the day of the year of the capture
time, S, and Scos represent the sine and cosine encoding values of the seasonal feature,
M, and M, represent the sine and cosine encoding values of the monthly feature, and
Dy, and D5 represent the sine and cosine encoding values of the daily feature.

The seasonal, monthly, and daily features obtained from the above encoding are
concatenated into Fr, which serves as the final temporal feature.

This encoding method effectively eliminates discontinuities at periodic boundaries,
enabling the model to learn cyclic temporal patterns. By concatenating the encodings
from the three periodic scales described above, a 6-dimensional temporal feature vector
is obtained.

Geographic location is represented by GPS longitude and latitude coordinates. We
first normalize the longitude and latitude and use the normalized continuous coordinates
as basic features. To further capture regional semantics, GeoHash encoding is introduced to
discretize the continuous coordinates into grid identifiers. In this paper, a 5-digit GeoHash
is adopted, corresponding to a spatial resolution of approximately 4.9 km. The GeoHash
output is a Base32 string, which is converted into an integer index via a lookup table and
then mapped to a D-dimensional vector through an embedding layer. This discrete encod-
ing enables adjacent locations to have similar representations in the feature space, thereby
helping the model capture prior geographic distribution patterns. Finally, the normalized
coordinate features and the GeoHash embedding vector are concatenated to form the
spatial feature representation. The normalized longitude and latitude coordinates, together
with the 5-digit GeoHash embedding vector are concatenated into an 18-dimensional raw
spatial feature, which is then mapped to a 32-dimensional final spatial feature Fs through a
two-layer MLP.

We concatenate the temporal and spatial encodings to obtain the initial metadata fea-
ture Fini!. ~ A two-layer multilayer perceptron is then applied for nonlinear transformation
and dimensionality reduction: the first layer expands the dimension to 128 with ReLU
activation, and the second layer compresses the feature to 32 dimensions, yielding the final
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metadata feature vector Fj. This vector concisely expresses the joint information of capture
time and location and can learn the association patterns between spatiotemporal factors
and land categories through training. If the input image lacks metadata, the system sets the
flag bit to 0, which triggers the fallback mechanism in the subsequent fusion module.

3.3.3. Multi-Head Attention Modality Fusion

To fully exploit the complementary information between image features and metadata
features, this paper designs a modality fusion module based on a multi-head self-attention
mechanism. Traditional methods, such as directly concatenating features into [Fj; Fj]
before feeding them into a classifier, are simple to implement but fail to explicitly model the
interaction between the two modalities. This module aims to adaptively adjust the repre-
sentation of visual features based on metadata content. For example, seasonal information
can guide the model to focus on visual cues related to crop maturity.

The specific implementation is as follows: First, the image feature F; is reduced to
512 dimensions via a fully connected layer, while the metadata feature Fy; is projected
to the same 512-dimensional space through another fully connected layer. With both
features now sharing the same dimensionality, they can serve as an input sequence for
the Transformer self-attention mechanism. Treating F; and Fy as two tokens, they are
concatenated into a sequence of length 2: Fj, Fys, which is then fed into a multi-head
attention layer. In this layer, the query (Q), key (K), and value (V) vectors are all derived
from linear transformations of F; and Fr. The multi-head mechanism allows the model
to learn interaction patterns between image and metadata from multiple representation
subspaces. The attention computation outputs a weighted fusion result for each modality
with respect to itself and the other modality. This resultant vector serves as the final
fused feature Fr, which encapsulates both visual patterns and spatiotemporal information,
thereby possessing strong discriminative power.

Considering that, in practical applications, some images may lack temporal or location
metadata, a fallback branch is additionally designed to ensure stable model performance
when metadata is incomplete. When the flag bit Flag = 0, the model bypasses the attention
fusion module and relies solely on image features for classification. Specifically, the image
feature Fj is passed through an expanded fully connected layer to 1024 dimensions, yielding
feature Fr. This maintains dimensional consistency with the fused feature Fr, facilitating
subsequent classifier processing. When Flag = 1, the fused feature Fr is used for prediction.

During training, the input to the classifier is dynamically selected as either Fr or F|
based on the metadata flag of each sample. During inference, if an input image lacks
metadata, the fallback path is automatically executed. This dynamic decision-making
mechanism enables the model to fully leverage multimodal information when complete
metadata is available while gracefully degrading to a robust visual-feature-based classifier
when metadata is missing. Experimental results show that the fusion module significantly
enhances classification performance, and the fallback mechanism maintains model usability
without substantially compromising accuracy, thereby ensuring excellent performance
across varying input conditions.

3.3.4. Classifier

The input to the classifier is the 1024-dimensional fused feature or the fallback feature.
This feature is first mapped to 256 dimensions through a linear layer, followed by batch
normalization to stabilize training and accelerate convergence. An SiLU activation function
is then applied to introduce nonlinearity, and finally, another linear layer transforms the
feature dimension to the number of classes. During training, the cross-entropy loss function

https:/ /doi.org/10.3390/ electronics15081592


https://doi.org/10.3390/electronics15081592

Electronics 2026, 15, 1592

11 of 21

is adopted, with a small amount of label smoothing incorporated to improve the model’s
generalization ability.

Since the model processes both metadata-complete and metadata-missing samples
during training, the classifier learns to adapt to two distinct feature distributions: when
the input includes complete metadata, the classifier makes decisions based on the multi-
modal fused features; when metadata is absent, it relies on the visual fallback features for
classification. This design enhances the model’s adaptability to varying input conditions.

During inference, the logits output by the model are transformed into a class proba-
bility distribution via the Softmax function, and the class with the highest probability is
taken as the final recognition result. The classification loss is defined by the multi-class
cross-entropy loss as follows:

Cross-entropy loss function:

R 1N C R
L(]// ]/) == Nzizl Zc:l ]/i,clog(]/i,c) )

where N is the total number of samples, C is the number of classes, y; . denotes the ground-
truth probability of sample i belonging to class c, taking 1 if the true class of sample i is
c and 0 otherwise, and 7; . represents the predicted probability that sample i belongs to
class c.

4. Results
4.1. Datasets and Evaluation Metrics

We employ a dataset of field-captured object photographs from the Guangxi region
of China for evaluation. This dataset encompasses 91 types of surface features, including
five major categories: cultivated land (subdivided into 87 fine-grained crop cultivation
statuses), forest land, garden land, roads, and filled earth. Among these, the cultivated
land category constitutes the majority and presents the highest difficulty in differentiation.
The dataset is partitioned into training, validation, and test sets in a 7:1:2 ratio. To evaluate
the model’s ability to distinguish fine-grained cultivated land categories, we ensure that
all 87 subcategories have sufficient samples in both the training and test sets. The entire
dataset comprises 38,474 land category photographs, with an uneven distribution across
categories. Therefore, during training, we adopt a weighted loss function to mitigate the
impact of class imbalance.

We employ three evaluation metrics, namely Overall Accuracy (OA), Recall, and F1-
score, to assess the fine-grained land classification performance of the model. OA reflects
the overall classification accuracy across the 91 land categories, while Recall and F1-score
focus more on the balanced recognition performance among different land categories. The
specific calculation formulas for these metrics are as follows.

Overall Accuracy (OA): The probability that the model’s predicted category matches
the true category among all land type samples.

TP+ TN

A=
© TP+ TN+ FP+FN

(®)
Recall: For a specific land category, the proportion of samples that actually belong to

that category and are correctly predicted by the model.

TP
Recall = TPLEN )
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F1: For a specific land category, the harmonic mean of its Precision and Recall, com-
prehensively reflecting the model’s recognition accuracy and coverage for that category.

Precision-Receall

Fl=2 Precision + Recall (10)
TP

Precision = ————— 11

recision TP + EP (11)

TP: The number of samples that actually belong to a certain land category and are
correctly predicted as that category by the model.

TN: The number of samples that do not belong to a certain land category and are
correctly predicted as other categories by the model.

FP: The number of samples that do not belong to a certain land category but are
incorrectly predicted as that category by the model.

FN: The number of samples that actually belong to a certain land category but are
incorrectly predicted as other categories by the model.

4.2. Experimental Results and Analysis

We uniformly resized the input images to 224 x 224 pixels. For data augmentation,
operations such as random cropping, horizontal flipping, and color jittering were applied
to the training set photos, while the validation and test sets underwent only center cropping
and normalization. The Swin Transformer backbone was initialized with ImageNet pre-
trained weights. Model training employed the AdamW optimizer with an initial learning
rate of 1 x 10~% and weight decay of 1 x 10~3. The loss function was cross-entropy with
label smoothing set to 0.1. Training was conducted for 50 epochs.

This paper compares the proposed method with the following mainstream approaches,
including ResNet [27], EfficientNet [28], Vit [8] and Swin Transformer [11].

We compared the overall performance of different models on the test set, and the
experimental results are shown in Table 1. As a representative of traditional CNN methods,
ResNet achieved the lowest performance, indicating its difficulty in handling the diverse
viewpoints and complex backgrounds in fine-grained land cover recognition. The accuracy
of ViT was slightly better than that of ResNet but remained relatively low compared to
other methods, confirming that ViT underperforms when data scale is limited and lacks
multi-scale feature extraction capability. Swin Transformer significantly outperformed
both CNN and ViT, demonstrating that its hierarchical structure and shifted window
mechanism can better capture multi-scale visual features. Dynamic MLP dynamically
generates classifier weights using spatiotemporal metadata and has achieved excellent
results on fine-grained datasets such as iNaturalist. However, on our land classification
task, it achieved an accuracy of 88.10% and a recall of 81.83%, slightly lower than that
of the Swin Transformer. The reason may be that some categories in our dataset have
high spatiotemporal overlap and missing metadata, so the strategy of relying solely on
metadata to dynamically generate weights does not fully exploit the discriminative power
of visual features. The proposed STF-Net achieved an accuracy of 93.54%, which is 4.02%
higher than the pure vision-based Swin Transformer and 5.44% higher than Dynamic
MLP, with the Fl-score increasing from 0.88 to 0.92. The experimental results indicate
that incorporating spatiotemporal metadata combined with a multi-head attention fusion
mechanism provides the model with powerful discriminative priors: temporal features
help the model distinguish cultivated land crops with seasonal cycle characteristics, while
spatial features assist in recognizing land cover categories with regional variations.
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Table 1. Comparison results of land type recognition experiments.

Method OA Recall F1
ResNet 81.62% 82.13% 0.81
Vision Transformer 82.94% 82.46% 0.82
EfficientNet 86.15% 85.78% 0.86
Swin Transformer 89.52% 88.96% 0.88
Dynamic MLP 88.10% 81.83% 0.81
STF-Net 93.54% 93.14% 0.92

Figure 4 presents the classification confusion matrix of STF-Net on 20 representative
land categories, where rows and columns correspond to true and predicted categories,
respectively. To balance visual readability and task completeness, 20 typical categories
are selected for presentation, covering five major land types—cultivated land, forest land,
garden land, road, and filled earth—and including fine-grained subcategories of cultivated
land at different crop growth stages. The selection principle takes into account few-shot
categories, easily confused fine-grained categories, and the distribution of major land types,
fully reflecting the model’s discriminative ability in the core land classification task.

- 200

- 175

- 150

True

Predicted

Figure 4. Confusion matrix of 20 representative land types.

In the matrix, the diagonal elements of the vast majority of categories are significantly
higher than the off-diagonal elements, indicating that the model’s predictions are consistent
with the true labels for most samples, and the overall classification error rate is kept at a
low level. For macro-level land categories such as forest land and road, the off-diagonal
elements at the corresponding row and column positions are nearly zero, with recognition
errors approaching zero. This reflects the model’s strong robustness in capturing global
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semantic features of prominent land objects, enabling it to easily distinguish land categories
with clear differences.

For fine-grained categories within cultivated land at different growth stages, such as
categories 9 and 13, and categories 6 and 12, obvious misclassifications occur, with off-
diagonal elements higher than the diagonal elements for the same categories. The causes
of such confusion are closely related to the intrinsic characteristics of the land types and
the nature of the task. Visual features are highly homogeneous; low-level visual features
such as leaf morphology, plant height, and texture exhibit minimal differences, making
it difficult to distinguish effectively using visual cues alone. The phenological periods
of crops overlap, and they are concentrated in the same geographical region, resulting
in insufficient discriminative power of spatiotemporal metadata, which further weakens
the effectiveness of cross-modal fusion. Compared with macro-level land categories, the
overlap in visual features and spatiotemporal priors for fine-grained land categories makes
it difficult for the model to form clear decision boundaries in the fine-grained feature space,
ultimately leading to confusion between categories.

Overall, the model performs excellently in recognizing major land categories, while
fine-grained category confusion remains an inherent challenge in fine-grained land classifi-
cation tasks. By integrating spatiotemporal information, the proposed model significantly
reduces the degree of confusion among fine-grained categories. Compared with the model
without metadata fusion, the error rate is effectively controlled, validating the critical role
of spatiotemporal information in alleviating fine-grained category confusion.

Figure 5, the t-SNE dimensionality reduction visualization, displays the distribution
of image features after dimensionality reduction, used to evaluate the effectiveness of the
features learned by the model in distinguishing different categories. We projected the
final fused features of the test set samples onto a two-dimensional plane using the t-SNE
algorithm, with samples from different categories represented by distinct colors. As shown
in Figure 5, data points from various categories form relatively separated clusters in the
two-dimensional feature space. Samples from the same category tend to aggregate in close
proximity, while samples from different categories are separated from one another. This
indicates that the features extracted by the model already possess strong discriminative
properties in the high-dimensional space, and the t-SNE projection visualizes this structure
of intra-class aggregation and inter-class separation. For instance, categories with significant
differences, such as forest land and roads, appear far apart in the figure, with almost no
overlap between their clusters. In contrast, clusters of different crop categories within
cultivated land are relatively closer in distance, yet it is still evident that the model has
distinguished them based on subtle differences. Those crop categories that are visually
extremely similar may lie close to each other in the feature space, suggesting that even with
the fusion of spatiotemporal metadata, certain similarities remain between the features of
these categories.

We also compared the computational load and parameter count of several models to
assess whether the computational cost of the proposed method remains within an accept-
able range while achieving performance improvements. Table 2 lists the computational
load and parameter counts of the compared models and STF-Net. The models vary sig-
nificantly in complexity. ViT has the highest computational load, reaching 11.29 GFLOPs,
with a parameter size of 57.31 M, reflecting the substantial computational overhead of
the self-attention mechanism, which leads to higher training and inference costs. ResNet
has a computational load of 3.68 GFLOPs and 21.29 M parameters, offering moderate
scale but lower classification accuracy. The Swin Transformer has a computational load of
5.76 GFLOPs and 33.07 M parameters, placing it between ViT and EfficientNet. Through
local window self-attention, it achieves a good balance between accuracy and efficiency.
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Dynamic MLP has a computational load of 8.91 GFLOPs and 53.74 M parameters, with
computational costs close to those of ViT and a relatively large parameter size, indicating
that the strategy of dynamically generating classifier weights, while improving fine-grained
classification capability, increases computational burden. STF-Net has a computational
load of 2.98 GFLOPs and 19.20 M parameters, lower than both the Swin Transformer
and Dynamic MLP. The metadata branch introduces minimal overhead, and replacing
large fully connected layers with several smaller MLP layers enables high performance at
lower complexity. The prior knowledge provided by multimodal information allows the
model to achieve excellent results without relying on an excessively large visual backbone,
thereby controlling model size while maintaining accuracy. STF-Net holds certain advan-
tages in practical deployment, achieving performance improvements without significantly
increasing computational costs, and demonstrating good engineering application potential.

(a) (b)

Figure 5. t-SNE dimensionality reduction visualization. (a) Before model training. (b) After model training.

Table 2. Model calculation amount and parameter amount.

Method Calculation Amount Parameter Quantity
ResNet 3.68 G 21.29 M
Vision Transformer 11.29 G 5731 M
EfficientNet 157G 17.58 M
Swin Transformer 576 G 33.07 M
Dynamic MLP 891G 53.74 M
STF-Net 298 G 19.20 M

5. Discussion
5.1. Ablation Experiments and Analysis

To gain a deeper understanding of the role of spatiotemporal information in land
use type recognition, we conducted ablation experiments, with the results presented in
Table 3. We summarized the performance of different information fusion models under
the Swin Transformer backbone to analyze the contribution of each module. We compared
the following models: a pure Swin Transformer visual baseline model without metadata
fusion, a model fused only with temporal information, a model fused only with spatial
information, and the complete STF-Net model that simultaneously fuses both temporal and
spatial information. The table provides the accuracy, recall, and F1-score for each model.
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Table 3. Ablation experiment results.
Method OA Recall F1
Swin Transformer 89.52% 88.96% 0.88
Swin Transformer + Time information fusion 92.27% 91.51% 0.91
Swin Transformer + Spatial information fusion 91.58% 90.56% 0.9
STF-Net 93.54% 93.14% 0.92

The results show that the baseline Swin Transformer model achieved an accuracy of
approximately 89.52%, representing the starting performance without any metadata. After
fusing temporal information, the model’s accuracy increased to 92.27%, with a recall of
91.51% and an F1-score of 0.91, marking a 2.8% improvement in accuracy over the baseline.
This demonstrates that incorporating temporal features yields significant performance
gains, validating the value of temporal dimension information in land cover classification.
The model fused with spatial location information achieved an accuracy of 91.58%, a recall
of 90.56%, and an F1-score of 0.90, representing a 2.1% improvement over the baseline—
slightly lower than the gain from temporal features. This indicates that geographic spatial
features also contribute to performance, though their independent effect is smaller than
that of temporal features.

The STF-Net model, which simultaneously fuses both temporal and spatial informa-
tion, performed best, achieving an accuracy of 93.54%, a recall of 93.14%, and an F1-score
of 0.92. Compared to the baseline model, this represents a 4.02% improvement in accuracy,
exceeding the gains from fusing either metadata type alone. From the perspective of recall,
the temporal-only fusion achieved 91.51% and the spatial-only fusion achieved 90.56%. If
the information provided by the two modalities were completely non-overlapping, this
would indicate that the discriminative information from temporal and spatial features
is both overlapping and complementary. The overlapping part is reflected in the macro-
level patterns of crop distribution that both modalities capture, while the complementary
part is shown in temporal features focusing on phenological cycles and spatial features
focusing on geographical distribution. When used together, the model can cross-validate
across both temporal and spatial dimensions, thereby more accurately determining cate-
gory boundaries.

Thus, the two types of metadata exhibit a degree of complementarity, and their
combined use further enhances accuracy. However, the performance gain from fusing
spatiotemporal information is not simply additive; the 93.54% accuracy is slightly higher
than that of temporal fusion alone but does not reach the sum of the improvements from
temporal and spatial features. This indicates that the discriminative information provided
by temporal and spatial features partially overlaps. Overall, temporal metadata contributes
most significantly to model performance improvement, while spatial metadata also has
a positive but relatively smaller impact. Utilizing both achieves the highest accuracy,
demonstrating that the discriminative information they provide is both overlapping and
complementary. These results fully validate the effectiveness of the spatiotemporal auxiliary
features we introduced.

To validate the generalizability of multimodal fusion across different visual backbones,
we conducted ablation experiments on the role of spatiotemporal information using the
EfficientNet backbone. Table 4 presents the performance comparison of four configurations
on the test set: EfficientNet with a single modality, EfficientNet fused with temporal
information, EfficientNet fused with spatial information, and EfficientNet fused with
both temporal and spatial information. As can be seen, the single-modality EfficientNet
achieves an accuracy of 86.15%, serving as the baseline without metadata. After fusing
temporal information, the accuracy increases to 90.39%, recall improves from 85.78% to
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88.27%, and the Fl-score rises to 0.89, representing a 4.24% accuracy improvement—a gain
comparable to that observed with the Swin Transformer backbone when incorporating
temporal features. This indicates that temporal metadata also provides significant benefits
for CNN-based models. The accuracy for the model fused with spatial information is
87.28%, only a 1.13% improvement over the baseline, indicating a relatively limited gain.
The model that simultaneously fuses both temporal and spatial information achieves the
best performance, with an accuracy of 91.04%, a recall of 89.47%, and an F1-score of 0.90.
The overall trend aligns with that observed for the Swin Transformer backbone: whether
using CNN or Transformer architectures, incorporating temporal and geographic metadata
consistently enhances classification accuracy. This demonstrates the robustness of our
multimodal fusion strategy, which can be extended to other image classification models in
the future to improve their ability to distinguish fine-grained categories.

Table 4. EfficientNet backbone plus spatiotemporal fusion.

Method OA Recall F1
EfficientNet 86.15% 85.78% 0.86
EfficientNet + Temporal information fusion 90.39% 88.27% 0.89
EfficientNet + Spatial information fusion 87.28% 87.94% 0.88
EfficientNet + Spatiotemporal information fusion =~ 91.04% 89.47% 0.9

Based on the validation of the effectiveness of spatiotemporal metadata, we further
compared the impact of different cross-modal fusion strategies on classification perfor-
mance. Experiments were conducted with the Swin Transformer as the visual backbone
under the same training settings, employing four fusion strategies: simple concatenation,
FiLM, cross-attention, and the multi-head attention fusion used in this paper. Simple
concatenation directly concatenates image features and metadata features before feeding
them into the classifier. FiILM modulates image features by generating affine transformation
parameters from metadata features. Cross-attention treats image features as queries and
metadata features as keys and values for interaction. The results are shown in Table 5.

Table 5. Comparison of different fusion strategies.

Fusion Strategy OA Recall F1
No Metadata Fusion 89.52% 88.96% 0.88
Simple Concatenation 92.22% 92.87% 0.92
Cross-Attention 91.54% 92.04% 091
FiLM 91.64% 92.13% 0.91
Our 93.54% 93.14% 0.92

It can be observed from Table 5 that all four fusion strategies significantly outperform
the baseline model without metadata, indicating that spatiotemporal information can
effectively aid classification under different fusion approaches. Simple concatenation
achieves an accuracy of 92.22%, already demonstrating the value of metadata. Cross-
attention and FiLM achieve accuracies of 91.54% and 91.64%, respectively, slightly lower
than simple concatenation. The proposed multi-head attention fusion outperforms the
other three methods in terms of OA, Recall, and F1, achieving an accuracy of 93.54% and
an Fl-score of 0.92. This result indicates that treating images and metadata as different
tokens for self-attention interaction captures the correlations between the two modalities
better than simple concatenation or one-way modulation, thereby achieving superior
classification performance.
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5.2. Robustness Test Experiment

In real-world scenarios, photos sometimes lack time or location information. To
address this, we designed a fallback branch that uses the pure visual path when metadata
is unavailable, while the attention fusion branch fully utilizes spatiotemporal information
to improve accuracy when metadata is available. As a comparison, the zero imputation
strategy retains the fusion module when metadata is missing, simply setting the missing
features to zero. We set seven missing ratios from 0% to 100% for metadata absence. Since
the original dataset has only 89.56% complete spatiotemporal metadata, we manually
removed metadata to obtain the 0% and 10% missing ratios.

It can be seen from Table 6 that when the metadata missing ratio is low (0-20%), the
two strategies perform similarly, with the fallback branch slightly better. When the missing
ratio reaches 50%, the fallback branch achieves an OA of 92.74% while zero imputation
achieves 91.64%, a gap of 1.1 percentage points. At missing ratios above 80%, the difference
becomes more pronounced: at 80% missing, the fallback branch OA is 91.82% versus 89.58%
for zero imputation; at 90% missing, 91.27% versus 87.93%; when fully missing, 89.52%
versus 86.45%.

Table 6. Robustness test of missing spatiotemporal information.

L . Fallback (Ours) Zero Imputation
Missing Metadata Ratio
OA Recall F1 OA Recall F1

0% 93.52% 93.35% 0.92 93.52% 93.35% 0.92
10% 93.41% 93.10% 0.92 92.87% 92.53% 0.91
20% 93.29% 92.85% 091 92.87% 92.53% 0.91
50% 92.74% 92.31% 0.91 91.64% 91.28% 0.90
80% 91.82% 91.30% 0.90 89.58% 89.03% 0.88
90% 91.27% 90.53% 0.89 87.93% 87.26% 0.86
100% 89.52% 88.96% 0.88 86.45% 85.71% 0.84

The reason is that zero imputation sends zero vectors for missing metadata into the
fusion module, effectively introducing invalid vectors unrelated to the true distribution.
Although the multi-head attention mechanism can partially suppress such noise, when the
missing ratio is high, the large amount of invalid information mixed into the fusion module
still interferes with attention computation and degrades classification accuracy. The fallback
branch, by contrast, skips the fusion module entirely, avoiding any disturbance from invalid
information on image features and relying solely on visual features for classification, thus
maintaining more stable performance under high missing ratios.

The above experiments demonstrate that the fallback branch has a clear performance
advantage under high missing ratios, validating the necessity and rationality of this design.
At a 50% missing ratio, the fallback branch still maintains an accuracy of 92.74%, signifi-
cantly higher than the pure visual model’s 89.52%. Under extreme missing scenarios of
90-100%, its performance is essentially on par with the pure visual model, introducing no
additional instability. Overall, STF-Net maintains stable classification performance across
various metadata missing ratios, showing good robustness when facing incomplete data in
practical applications.

6. Conclusions

This paper addresses the task of fine-grained intelligent classification of land use type
photographs by proposing a novel method that integrates multimodal spatiotemporal infor-
mation fusion. By employing periodic temporal encoding and GeoHash spatial encoding to
extract physically interpretable temporal and spatial features, which are deeply fused with
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the image features from the Swin Transformer through a multi-head attention mechanism,
we have achieved high-precision classification of land categories. Experimental results
demonstrate that, compared to traditional unimodal models, this multimodal approach
improves accuracy from 89.52% to 93.54% and achieves an Fl-score of 0.92 on a dataset
containing 91 fine-grained categories, representing a significant performance breakthrough
and validating the effectiveness and potential of multi-dimensional information fusion.

Our method exhibits the following notable advantages: the decoupled spatiotemporal
representation strategy successfully introduces an interpretable auxiliary feature space,
enabling the model to learn seasonal variation patterns and regional distribution character-
istics, thereby more accurately distinguishing categories that are challenging to differentiate
based on visual information alone. This spatiotemporal feature space, constructed through
sine encoding and GeoHash encoding, exhibits excellent periodic continuity and regional
clustering properties. The adaptive fusion and dynamic decision-making mechanisms
ensure the model’s versatility. Through attention-weighted fusion based on metadata flags,
our model fully leverages multimodal information when metadata is available and main-
tains high classification accuracy even when metadata is missing, effectively addressing
the issue of incomplete data in practical applications.

Nevertheless, there remains room for further improvement in this study. In future
work, we plan to incorporate additional metadata modalities, such as meteorological data
and textual descriptions, to construct richer multimodal features. For categories that remain
prone to confusion, we aim to design more advanced fusion networks, utilizing cross-modal
Transformer encoder-decoder architectures to enable iterative interaction between images
and metadata for extracting higher-level semantics. Subsequent efforts may involve using
generative algorithms to mitigate the impact of class imbalance on classification accuracy
and applying the proposed method to broader scenarios, such as integrating drone aerial
imagery for land cover recognition and multi-temporal monitoring of land use changes.
By further enhancing model performance and expanding its applicability, the approach
presented in this paper holds the potential to offer more efficient land category recognition
solutions for future land use monitoring.
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