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 Abstract—With the increasing demand for refined urban 

management, methods that rely on a single data source or coarse-

grained land use classification are no longer sufficient. Therefore, 

this paper proposes a parcel-level fine-grained land use 

recognition model, called the Triple Interaction Attention 

Network (TIA-Net). TIA-Net integrates remote sensing imagery 

(RSI), semantic information of points of interest (POI), and 

temporal population density (TPD). Swin-BiFPN is used to extract 

multi-scale spatial features from RSI. HydraMultiRocketPlus is 

used to model the temporal dynamics of population mobility. The 

POI encoder is used to characterize the distribution of human 

activities. Based on these components, the Feature-preserving 

Triple Interaction Self-Attention (FP-TISA) module is proposed. 

FP-TISA achieves deep fusion across spatial, semantic, and 

temporal dimensions. The module can effectively capture 

nonlinear interactions between heterogeneous data. The module 

can also reduce feature loss, which is common in traditional 

methods. On the national land use dataset CN-MSLU-100K, TIA-

Net achieves a test accuracy of 77.64%, a Kappa coefficient of 

0.740, and a macro-average precision of 65.20%, all 

outperforming the existing baseline models. Especially for macro-

average accuracy, TIA-Net achieves nearly double the 

performance of the baseline model. Further analysis based on 

Grad-CAM++ and attention visualization reveals the model’s 

focus on key areas and its cross-modal interaction mechanism. In 

summary, TIA-Net improves both land use classification accuracy 

and interpretability. The model provides strong technical support 

for territorial spatial planning and natural resource management. 

 
Index Terms—attention mechanism, deep learning, 

interpretability, land use classification, multi-modal data fusion 

I. INTRODUCTION 

ine-grained land use classification (FGLUC) is essential 

for refined urban governance and sustainable 

development, and FGLUC is widely employed in practical 

applications such as urban planning, functional zone 
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identification, and socio-economic analysis[1], [2], [3]. 

Compared to coarse-grained classification methods, FGLUC 

enables more precise identification of urban land use types, 

thereby providing finer and more accurate spatial information 

support for land management and policy formulation [4], [5]. 

Additionally, FGLUC facilitates a deeper understanding of the 

complexity inherent in urban spatial structures and human-land 

interactions, thereby supporting sustainable urban development 

and environmental governance[6], [7]. Under rapid urbanization, 

urban spatial structures are becoming more complex, and land 

use types are becoming more diverse. The traditional granularity 

of land use classification cannot meet the needs of refined urban 

governance [8]. Therefore, there is an urgent need to develop 

high-precision, fine-grained land use classification (FGLUC) 

methods to enhance urban spatial cognition and provide more 

accurate decision support for land management and policy 

formulation. 

In earlier research, land use classification predominantly 

depended on a single data source. Remote sensing imagery(RSI) 

provides global coverage and offers rich spectral, textural, and 

morphological features for object interpretation. RSI is now the 

main data source for land use classification [9]. RSI enables the 

effective identification of major land cover types, including 

urban green spaces, buildings, and roads[10]. However, in 

higher-granularity classification tasks (such as distinguishing 

building functions, vegetation types, etc.), relying solely on the 

inherent features of imagery shows significant limitations[11]. 

Although super-resolution imaging [12] and multispectral data 

fusion [13], and network structure optimizations designed for 

complex backgrounds [14] have enhanced the richness of feature 

representation to some extent, their ability to capture the 

functional attributes of objects remains limited , thereby 

becoming an important factor constraining classification 

accuracy. 
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To address the aforementioned limitations of remote sensing 

data, numerous researchers have begun to incorporate multi-

source geographic big data, including point of interest (POI) [15], 

population density[16], street view images (SVIs) [17], taxi 

trajectories[16], temporal electricity consumption[18], building 

footprints[19], nighttime lights [20], and GPS positioning [21]. 

POI data can accurately capture the functional attributes of 

parcels and the distribution of human activities, thereby 

providing discriminative information at the spatial semantic 

level[15]. 

Integrating multi-source data effectively enhances the 

accuracy and robustness of land use classification, making it a 

crucial approach for refined urban spatial analysis. For example, 

Guo et al. [22], Xu et al. [23], and Fan et al. [24] achieved the 

integration of POI and RSI through methods such as feature 

concatenation or pixel-level weighted summation, resulting in 

notable improvements in classification accuracy. However, these 

methods do not fully explore the high-level semantic 

relationships between modalities, which constrains the fusion 

effect and further restricts overall performance improvement 

[25]. Yao et al. [25] addressed irregular parcel RSI by introducing 

a Poisson disk sampling strategy. They also integrated POI data 

using a learnable weighting mechanism, which resulted in 

significant improvements in classification accuracy. Building on 

this foundation, Yao et al. [26] incorporated temporal population 

density (TPD) information, further strengthening the model’s 

recognition capability in complex urban environments. 

However, fusion mechanisms based on learnable weights, 

owing to their linear modeling nature, struggle to capture the 

complex nonlinear interactions among multi-source data and are 

insufficient in representing features at the semantic level. To 

address the limitations of linear fusion methods in feature 

representation, some studies have begun to incorporate attention 

mechanisms to strengthen the modeling of interactions among 

multi-modal data. For instance, Su et al. [19] combined RSI, POI 

information, and building footprints, and designed a dual-branch 

architecture to extract multi-modal semantic features. By 

leveraging attention mechanisms and multi-scale fusion for 

collaborative modeling of multi-source information, their 

approach demonstrated strong performance in urban function 

recognition tasks. Lu et al. [27] further introduced a spatial 

relationship modeling mechanism to integrate RSI and POI data, 

thereby demonstrating enhanced capabilities in urban functional 

zone recognition. While advanced deep learning architectures 

have explored boundary feature guidance [28] and long-range 

context fusion [29] to refine feature representation in dense 

prediction tasks, most attention-based methods in FGLUC still 

focus on single modalities or local spatial features and cannot 

fully capture global semantic associations between modalities. 

These limitations make it difficult for them to model complex 

cross-modal relationships. 

Although deep learning exhibits superior performance in 

complex pattern recognition and multi-source data fusion tasks, 

its “black box” nature presents significant challenges for 

interpretability [30]. Particularly in the field of remote sensing, 

the introduction of multi-source heterogeneous data has 

increased the complexity of the model’s internal feature 

transformations and information interactions. This development 

has further exacerbated the opacity of its decision-making 

mechanisms [31].Specifically, it remains challenging to ascertain 

whether improvements in model performance arise from the 

synergistic effects of multi-source information, the 

representational capacity of deep network architectures, or the 

dominant influence of a particular modality. The absence of 

interpretability not only undermines the credibility of model 

outcomes but also restricts the diagnostic optimization of fusion 

strategies and the enhancement of generalization capabilities 

[32]. Therefore, while continuously improving model 

performance, it is important to construct an interpretability 

analysis framework suitable for multi-source remote sensing 

data. This framework should clarify the decision-making logic 

and modality contribution mechanisms of deep fusion models. 

Such a framework plays an important role in promoting 

transparency and sustainable development in the field of FGLUC 

research. 

Previous research still exhibits two main limitations:(1)Fusion 

mechanisms are generally overly simplified, making it difficult 

to fully exploit and retain the complementary and synergistic 

properties among multi-source data. These simple fusion 

mechanisms often result in information redundancy or the loss of 

critical features, thus limiting further improvements in 

classification performance. (2) The “black box” nature of deep 

learning models undermines their interpretability, particularly in 

multi-source fusion contexts. It becomes challenging to clearly 

discern the specific contributions and interaction mechanisms of 

each modality in the final decision, thereby impeding model 

optimization and reliability assessment. 

To address the above issues, this paper proposes the Triplet 

Interactive Attention Network (TIA-Net), a multi-modal fine-

grained land use classification model. TIA-Net utilizes the Swin-

BiFPN network to extract multi-scale features from RSI and 

incorporates the HydraMultiRocketPlus model to capture the 

temporal dynamics of population. TIA-Net also introduces a 

feature-preserving triplet interactive self-attention module (FP-

TISA) to enable deep fusion of RSI, POI, and TPD data. In 

addition, the integration of Grad-CAM++ and attention weight 

analysis techniques enhances the interpretability of the model, 

thereby revealing key discriminative regions and feature 

interaction mechanisms. 
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Fig. 1. Flowchart of the proposed method 

II. METHODOLOGY 

As illustrated in Fig. 1, the TIA-Net proposed in this study is 

a multi-modal deep fusion approach designed for parcel-scale 

fine-grained land use classification. Its overall architecture 

comprises four functional modules: (1) A multi-scale RSI 

feature extraction module based on the improved Swin-BiFPN, 

which integrates multi-level feature maps from the last three 

layers of the Swin Transformer to construct a feature pyramid, 

and produces a 256-dimensional feature vector through 

bidirectional feature fusion and global max pooling. (2) A POI 

feature extraction module based on semantic-preserving that 

constructs spatial networks and captures spatial co-occurrence 

patterns via random walks, and generates a 256-dimensional 

semantic feature vector through the combination of embedding 

learning and semantic smoothing optimization. (3) A 

spatiotemporal feature encoding module based on 

HydraMultiRocketPlus, which extracts dynamic 

spatiotemporal patterns using a multi-channel temporal feature 

disentanglement mechanism and outputs a 256-dimensional 

temporal feature vector. (4) A self-attention module based on 

FP-TISA that integrates multi-modal features via a three-

dimensional self-attention mechanism combined with residual 

connections, and outputs parcel-scale land use classification 

results. 

A. Swin-BiFPN Based Remote Sensing Feature Extraction 

Module 

 
Fig. 2. Architecture of the Swin-BiFPN feature extraction module. 
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The Swin Transformer, proposed in [33], combines the 

global modeling abilities of the Transformer with the visual 

priors of convolutional neural networks, such as hierarchical 

structure, local perception, and translation invariance. The 

design of Swin Transformer can effectively extract image 

features. However, although the Swin Transformer has a 

hierarchical multi-scale feature extraction capability, the 

interaction between different scales remains limited. Therefore, 

this study incorporates the Bi-FPN [34] to strengthen cross-

scale feature fusion and semantic information transmission, 

leading to more discriminative image representations. The Bi-

FPN, achieves efficient fusion of multi-scale features through 

both top-down and bottom-up bidirectional pathways, and 

incorporates a learnable weighting mechanism to optimize the 

feature integration process. In this study, the Swin Transformer 

is integrated with the Bi-FPN to construct a RSI feature 

extraction module, with the overall processing workflow 

illustrated in Fig. 2. Sample images obtained through Poisson 

disk sampling [25] are fed into the model to ensure spatial 

uniformity and representativeness. 

Poisson disk sampling is a sampling method based on the 

Poisson distribution that generates sample points both randomly 

and evenly in a specified region. Poisson disk sampling ensures 

a minimum distance between any two points, preventing 

clustering or overlapping of points and reducing information 

loss. The image sequence is fed into the Swin-Transformer 

network to extract multi-scale feature maps, denoted as 

{𝐶3, 𝐶4, 𝐶5}. The bidirectional feature fusion strategy of the Bi-

FPN is employed, incorporating learnable weights 

{𝜔0, 𝜔1, 𝜔2, 𝜔3}. Top-down upsampling is used for integration, 

followed by bottom-up downsampling for refinement, thereby 

enabling deep fusion of multi-scale features. The specific 

process can be described as follows: 

{
 

 
𝑃4 = 𝜔0 ⋅ 𝒰(𝐶5) + 𝐶4
𝑃3 = 𝜔1 ⋅ 𝒰(𝑃4) + 𝐶3
𝑃4
′ = 𝜔2 ⋅ 𝒟(𝑃3) + 𝑃4
𝐶5
′ = 𝜔3 ⋅ 𝒟(𝑃4

′) + 𝑃3

(1) 

Here, 𝒰(⋅)  and 𝒟(⋅)  denote the upsampling and 

downsampling operations, respectively. Global average 

pooling (GAP) is applied to the fused feature 𝐶5
′  to produce a 

256-dimensional sample-level feature vector. 

Considering that Poisson disk sampling partitions a single 

remote sensing image into multiple fixed-size sub-images, this 

study introduces improvements and optimizations based on the 

approach proposed in [25]. For each input image, N 

representative samples are systematically selected, and multi-

scale feature extraction is conducted using cascaded Swin-

BiFPN modules. The feature vectors of the N samples are 

concatenated end-to-end to form a continuous feature sequence 

of length N×256, which is subsequently mapped to a 256-

dimensional global representation vector via a multilayer 

perceptron (MLP). Compared with fusion methods such as 

weighted averaging or summation, this study adopts feature 

concatenation to fully preserve the differences among features 

from different scales and regions. A multilayer perceptron is 

then used to further extract and integrate these differences, 

thereby enhancing the model’s ability to learn cross-scale 

semantic relationships. 

B. Semantic-Preserving POI Feature Extraction Module 

The Semantic-Preserving POI method, proposed by Huang 

et al. [15], aims to estimate the proportional distribution of 

different functional types within urban areas by learning 

semantic embeddings of POI categories. As shown in Fig. 3, 

The Semantic-Preserving POI method captures both the spatial 

relationships and category semantics of POIs, constructing a D-

dimensional embedding to represent urban functions.  

 
Fig. 3. Feature Extraction Workflow of the Semantic-Preserving 

POI Module. 

First, a POI spatial network is constructed using Delaunay 

triangulation, and a random walk strategy is employed to 

capture spatial co-occurrence relationships. Second, the 

generated random walk sequences are used with the Skip-gram 

model and negative sampling algorithm to optimize the 

semantic embeddings of POIs. In the specific modeling process, 

the Semantic-Preserving POI method incorporates two 

complementary loss functions. The first is the co-occurrence 

loss, which is used to model the spatial co-occurrence 

relationships among categories, and is specifically formulated 

as follows: 

𝐿𝑐𝑜 = ∑  

𝑐∈𝐶2

∑  

𝑐′∈𝑁𝑅(𝑐)

[log 𝜎(𝑐𝑇𝑐′𝑜) +∑  

𝑘

𝑖=1

log 𝜎(−𝑐𝑇𝑐𝑛𝑖
′ )] (2) 

Here, 𝐿𝑐𝑜 denotes the co-occurrence loss, which is designed 

to model the spatial co-occurrence relationships among 

different POI categories. Specifically, 𝑐 denotes the embedding 

vector of a secondary category, and 𝐶2 represents the set of all 

secondary categories. 𝑐′  refers to the context category 

embedding that co-occurs with 𝑐  during the random walk, 

while 𝑁𝑅(𝑐) is the set of these context categories. The sigmoid 

function, 𝜎(𝑥) =
1

1+𝑒−𝑥
 , is used to compute the co-occurrence 

probability, where 𝑇𝑐𝑇𝑐′𝑜 denotes the inner product between 

the target category and its context category, and −𝑐𝑇𝑐𝑛𝑖
′  

represents the inner product with a negative sampling category. 
In addition, it is assumed that embeddings of secondary 

categories belonging to the same primary category should be 

spatially proximate, and semantic smoothing is implemented 

via manifold learning (Laplacian Eigenmaps), with the loss 

function defined as: 

𝐿𝑐𝑎𝑡𝑒𝑔𝑜𝑟𝑖𝑐𝑎𝑙𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑠 =
1

2
∑∑|𝑐𝑖 − 𝑐𝑗|

2
𝑤𝑖𝑗

𝑛

𝑗=1

𝑛

𝑖=1

(3) 

Here, 𝑐𝑖and 𝑐𝑗  denote the embedding vectors of secondary 

categories, and 𝑛  represents the total number of secondary 

This article has been accepted for publication in IEEE Transactions on Geoscience and Remote Sensing. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TGRS.2026.3663049

© 2026 IEEE. All rights reserved, including rights for text and data mining and training of artificial intelligence and similar technologies. Personal use is permitted,

but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: China University of Geosciences Wuhan Campus. Downloaded on February 11,2026 at 04:50:13 UTC from IEEE Xplore.  Restrictions apply. 



 

TGRS-2025-07600 

categories. The weight 𝑤𝑖𝑗 quantifies the degree of semantic 

smoothness between categories. 

C. HydraMultiRocketPlus-Based Temporal Feature Extraction 

Module 

The HydraMultiRocketPlus method, proposed in [35], is 

designed to efficiently coordinate the feature extraction 

processes of Hydra and MultiRocket through a parallel    

computing architecture. The Hydra branch enhances the 

representation of fine-grained local features through local 

pattern matching and a kernel competitive counting 

mechanism. Meanwhile, the MultiRocket branch effectively 

captures global patterns in time series using global statistical 

pooling methods. Specifically, the original time series and its 

first-order difference are fed into the Hydra and MultiRocket 

branches, respectively. The Hydra branch employs multiple sets 

of randomly dilated convolutional kernels with varying dilation 

rates and extracts local features using a competitive counting 

strategy. In contrast, the MultiRocket branch utilizes fixed, non-

random convolutional kernels. It combines these with 

multivariate statistical pooling techniques, such as proportion 

of positive values (PPV) pooling, to capture global 

representations. Finally, the feature vectors produced by the 

two branches are concatenated to form a joint representation, 

which serves as the final time series feature vector for 

subsequent model input. 

D. Cross-Modal Fusion Module via Triplet Attention and 

Feature Preservation 

To further explore the potential relationships among multi-

source heterogeneous data while preserving the inherent feature 

representations of each data source, this study proposes FP-

TISA. As shown in Fig. 4, FP-TISA mechanism first transforms 

the unified 256-dimensional feature vectors, including the RSI 

feature vector (𝑓𝑟𝑠), the POI feature vector (𝑓𝑝𝑜𝑖), and the TPD 

feature vector (𝑓𝑡𝑝𝑑), into the queries (Q), keys (K), and values 

(V) in the attention mechanism via linear projection. These 

vectors are then concatenated to form a joint token 𝑇 =
[𝑄, 𝐾, 𝑉] , and three-dimensional self-attention weights are 

calculated in the multi-head attention space, as described 

below: 

Attention(𝑇) = softmax(
𝑇𝑇𝑇

√𝑑ℎ
)𝑇 (4) 

Here, 𝑑ℎ  denotes the dimension of a single attention head. 

After projection, the attention-weighted features are combined 

with the original features via a residual connection. The residual 

component is generated by a multilayer perceptron (MLP) as 

follows: Residual = 𝑀𝐿𝑃([𝑓𝑟𝑠, 𝑓𝑝𝑜𝑖 , 𝑓𝑡𝑝𝑑]) . This operation 

yields the final fused representation: 𝐹 = Attention(𝑇) +
Residual. The feature vector 𝐹 is mapped by the classifier into 

the corresponding land parcel category vector 

[𝑐𝑙𝑎𝑠𝑠1, 𝑐𝑙𝑎𝑠𝑠2, … , 𝑐𝑙𝑎𝑠𝑠𝑛], where each element represents the 

predicted probability of the sample belonging to the 

corresponding class. 

 
Fig. 4. Schematic diagram of the FP-TISA structure. The term 

“head_num” denotes the number of attention heads, while 

“head_dim” represents the dimensionality of the final output 

feature vector. 

III. DATASET DESCRIPTION AND EXPERIMENTAL SETUP 

A. Datasets 

This study uses multi-source heterogeneous data, including 

RSI, POI data, and TPD data. RSI is sourced from the CN-

MSLU-100K dataset [26], which covers 81 major cities in 

China, including Beijing, Shanghai, Guangzhou, and Chengdu, 

with a total research area of 983,215 square kilometers. Derived 

from multi-source satellite mosaics via Google Earth Engine 

(GEE), the RSI data inherently incorporates diverse imaging 

conditions and sensor characteristics. Coupled with the 

significant spatial heterogeneity introduced by approximately 

100,000 irregular parcels across cities with distinct architectural 

styles, this dataset serves as a robust benchmark for assessing 

model generalization in complex scenarios. The dataset 

contains representative samples of urban functional zones with 

diverse spatial forms, patterns, and landscapes, categorized into 

6 primary classes such as “transportation land” and “residential 

land,” as well as 28 secondary classes including “industrial 

park/factory,” “multi-story and high-rise residential,” and 

“urban village.” To ensure data quality and label consistency, 

this study excludes plots without valid POI information, certain 

mixed commercial and public service areas, and the 

“transportation land” category. Ultimately, 17 secondary 

categories with sufficient sample sizes are selected as the 

classification targets. TABLE Ⅰ presents the statistical 

distribution and classification details of each land use type in 

the imagery data used for the experiments. 
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TABLE I 

DATA CATEGORIES AND SAMPLE COUNTS 
 

 

Land Use Type Abbreviation Count Land Use Type Abbreviation Count 

Rural Architecture and 

Farmland 
RAFL 13772 Office Building OFB 1457 

Industrial Park Factory IPF 13342 Business Tower BTR 1318 

High-rise Residential 

Buildings 
HRB 10345 

Educational and Research 

Institutions 
ERI 1314 

Urban Villages UBV 3505 Parks and Squares PKSQ 1111 

Mountain MTN 2339 Commercial Market CMK 1052 

Forestland and Grassland FLGL 2285 
Shopping Center and 

Commercial Street 
SCCS 998 

Wasteland WLD 2115 
Non-profit Public 

Institutions 
NPI 997 

Water WTR 2079 
Commercial 

Entertainment 
CENT 852 

Party and Government 

Institutions 
PGI 1478    

The POI data used in this study were obtained from the Amap 

Open Platform (2018). After data cleaning procedures, 

including category unification and removal of invalid records, 

approximately 41.38 million valid entries were obtained, 

covering 19 primary categories and 158 secondary categories. 

The TPD data were acquired via a Tencent-authorized API, 

covering the period from April 28, 2019, to May 10, 2019 (13 

days in total), with a temporal resolution of 1 hour and a spatial 

resolution of approximately 1100 meters. A spatial projection 

method is employed to match the centroid of each plot to the 

gridded population density layer, from which the corresponding 

population density values are extracted. Based on multi-

temporal observations, a time series of population density is 

then constructed to capture dynamic changes. 

B. Implementation Details 

This experiment is built on the PyTorch deep learning 

framework, using the NVIDIA GeForce RTX 4090 graphics 

card (24GB GDDR6X memory) to accelerate training. High-

performance graphics cards like the NVIDIA GeForce RTX 

4090 feature large memory and high computing power. These 

graphics cards support more complex feature calculations and 

larger-batch data processing. Large memory and high 

computing power significantly help improve model training 

accuracy and reduce convergence time.  

During data preprocessing, the original data were randomly 

split into training and testing sets at an 8:2 ratio. The training 

set was used for model parameter learning, while the testing set 

was used for performance evaluation. During training, the 

AdamW optimizer, which combines the advantages of Adam 

and weight decay regularization, was used. Focal Loss was 

employed to address class imbalance, with hyperparameters set 

to 𝛾 =  2.0 and 𝛼 =  0.25. The initial learning rate was set to 

1 × 10−4  and was dynamically decayed to 1 × 10−6  during 

training. The training batch size was fixed at 14, and training 

was conducted for 100 epochs in total. After each epoch, model 

performance was evaluated on the validation set. 

C. Evaluation Metrics 

To comprehensively evaluate the performance of fine-

grained land use classification, four core metrics were selected: 

test accuracy (TA), Kappa coefficient, confusion matrix, and 

macro-average precision. These metrics are intended to provide 

a thorough assessment of the model’s classification 

effectiveness and robustness from multiple perspectives. The 

Kappa coefficient measures the agreement between the model’s 

predictions and random chance, effectively mitigating 

evaluation bias resulting from class imbalance. Test accuracy 

provides a direct measure of the overall classification accuracy. 

The confusion matrix provides a detailed breakdown of the 

prediction outcomes for each category, including key 

information such as true positives, false positives, and other 

relevant metrics. Macro-average precision (MAP) is computed 

as the arithmetic mean of the precision values for each category, 

thereby preventing large classes from dominating the 

evaluation results. MAP is particularly suitable for land use 

classification scenarios with imbalanced category distributions. 

The calculation methods for each metric are as follows: 

𝑝𝑖𝑗 =
𝑥𝑖𝑗

∑  𝑛
𝑗=1 𝑥𝑖𝑗

(5) 

TA =∑ 

𝑛

𝑖=1

𝑝𝑖𝑖 ⋅
𝑁𝑖
𝑁

(6) 
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𝜅 =
𝑃𝑜 − 𝑃𝑒
1 − 𝑃𝑒

(7) 

MAP =
1

𝑛
∑  

𝑛

𝑖=1

𝑝𝑖𝑖
∑  𝑛
𝑗=1 𝑝𝑗𝑖

(8) 

In the confusion matrix, each element  𝑝𝑖𝑗 denotes the 

probability that a sample with true class 𝑖 is predicted as class 𝑗. 
𝑥𝑖𝑗  denotes the number of samples with true class 𝑖  that are 

predicted as class 𝑗. 𝑁𝑖  denotes the number of samples with 
true class𝑖, and 𝑁 represents the total number of samples. 
𝑃𝑜 = ∑  𝑛

𝑖=1 𝑝𝑖𝑖  denotes the observed accuracy, whereas 𝑃𝑒 is the 

expected accuracy by chance and is calculated as follows: 

𝑃𝑒 =∑(
∑  𝑛
𝑗=1 𝑥𝑖𝑗

𝑁
⋅
∑  𝑛
𝑗=1 𝑥𝑗𝑖

𝑁
)

𝑛

𝑖=1

(9) 

IV. EXPERIMENTAL RESULTS 

To validate the effectiveness of the proposed method, 

systematic and comprehensive experiments were conducted on 

the aforementioned dataset. First, comparative experiments 

with several mainstream baseline methods demonstrate that the 

proposed model achieves significant improvements across all 

performance metrics. Second, ablation experiments were 

conducted to systematically analyze the specific impact of the 

three key data types on the model’s classification accuracy. 

Finally, to further elucidate the model ’ s decision-making 

mechanisms, interpretability analyses were conducted to 

investigate the internal patterns present during the model’s 

feature learning process. 

A. Comparison Experiment 

This study conducts a systematic comparison of six deep 

learning models based on multi-source data fusion. All 

experiments were performed on an NVIDIA GeForce RTX 

4090 GPU with 24 GB of memory. Experimental settings were 

kept consistent across all models: the AdamW optimizer was 

used, the learning rate was set to 0.0001, the weight decay 

coefficient to 0.001, the number of training epochs to 100, and 

the batch size to 14. All data were sourced from the 

aforementioned proprietary dataset. All models employed an 

8: 2  split between training and validation sets, and identical 

evaluation metrics were used for performance comparison. 

TABLE Ⅱ 

COMPARISON OF CLASSIFICATION PERFORMANCE ACROSS 

BASELINE METHODS 

Model TA(%) Kappa MAP(%) 

TIA-Net 77.64% 0.740 65.20% 

IPCM[25] 63.38% 0.565 32.62% 

IPTSIM[26] 62.88% 0.564 35.62% 

UDF4UFZ[27] 62.53% 0.538 26.11% 

MMFF[19] 57.41% 0.471 20.12% 

ResHANet[23] 54.87% 0.430 15.72% 

BibNet[24] 51.03% 0.391 17.81% 

The comparative results of the overall performance metrics 

for each model are presented in Table II. Quantitative analysis 

based on test accuracy, Kappa coefficient, and macro-average 

precision demonstrates that the proposed model exhibits 

significant advantages over the other comparative models. As 

illustrated in Fig. 5, the confusion matrices for each model are 

arranged in descending order of category sample size in this 

study. Analysis of these matrices further reveals that the 

proposed model more effectively mitigates data imbalance and 

significantly enhances recognition accuracy across all 

categories. In contrast, due to the imbalanced data distribution, 

the MMFF, ResHANet, and BibNet models were only able to 

classify samples into the three categories with the largest 

sample sizes (ARFL, IPFZ, and MHRB) in the 17-class 

classification task, demonstrating extremely limited recognition 

capability for the remaining categories. 

The reasons why our method significantly outperforms 

others can be summarized as follows. In fine-grained land use 

data environments, where categories are numerous and data 

structures are complex, existing fusion mechanisms struggle to 

fully integrate cross-modal features. In addition, imbalanced 

data distributions tend to cause model overfitting, which in turn 

impairs the model’s ability to recognize categories with limited 

sample sizes. Therefore, improvements in model performance 

largely depend on the deep extraction of fine-grained features 

from individual data sources, as well as the implementation of 

efficient multi-source data fusion mechanisms. 

To further assess practical deployability, the study evaluates 

computational complexity. The proposed TIA-Net contains 

56.46 M parameters and requires 4.86 G FLOPs for inference. 

Although integrating the FP-TISA module adds a marginal 

computational overhead, this trade-off is highly justified. 

Specifically, TIA-Net achieves nearly double the macro-

average accuracy of the baseline model. Moreover, fine-grained 

land use classification is typically an offline analytical task 

rather than a real-time requirement. Therefore, the inference 

efficiency of TIA-Net remains well within the acceptable range 

for practical implementation. 

 
TIA-Net 
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Fig. 5. Confusion matrices of baseline models. 
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B. Ablation Study 

To systematically evaluate the effectiveness of multi-source 

data fusion strategies, ablation experiments were designed to 

test the following four data combination schemes: (1) using 

only RSI data as the baseline; (2) fusing RSI and POI data; (3) 

fusing RSI and temporal population density data; and (4) 

combining RSI, POI, and TPD data. The performance 

comparison for these different data combinations is shown in 

Table Ⅲ. 

TABLE Ⅲ 

TEST ACCURACY, KAPPA COEFFICIENTS, AND MEAN 

ACCURACY OF THE ABLATION STUDY 

Input Data TA(%) Kappa MAP(%) 

RSI 62.44 0.554 32.70 

TPD+RSI 69.49 0.642 47.89 

POI+RSI 77.36 0.735 63.62 

POI+TPD+RSI 77.64 0.740 65.20 

Experimental results show that using RSI alone results in 

relatively weak classification performance. Incorporating TPD 

or POI leads to significant improvements, with the combination 

of POI and RSI increasing the average accuracy to 63.62%. The 

integration of all three data sources yields the best overall 

performance, with test accuracy reaching 77.64% and a Kappa 

coefficient of 0.740. 

Specifically, the RSI+TPD combination improves the overall 

accuracy by about 7.05%, the Kappa coefficient by 0.088, and 

the MAP by 15.19% compared with using RSI alone, indicating 

that the temporal population density features can effectively 

enhance the spatiotemporal discrimination ability of the model. 

The RSI+POI combination achieves greater performance 

improvements, with TA, Kappa, and MAP increasing by 

14.92%, 0.181, and 30.92%, respectively, showing that the 

semantic information from POI effectively compensates for the 

limitation of RSI in identifying land-use functions. 

Compared with the RSI+POI combination, the three-source 

fusion model improves overall accuracy by only 0.28%, but the 

MAP increases by 1.58%, demonstrating that the classification 

results across categories are more balanced and stable.The 

results of the ablation experiments show that multi-source data 

fusion can more comprehensively capture the spatiotemporal 

variations of land use, thereby enhancing the model’s 

recognition accuracy. 

To further analyze the impact of different data combinations 

on model classification performance, a confusion matrix 

difference visualization (CMDV) approach was employed in 

this study. Specifically, the confusion matrix for the complete 

data combination (RSI+POI+TPD) was subtracted from the 

confusion matrices of each experimental group (RSI, RSI+POI, 

RSI+TPD), and the resulting differences were converted into 

percentage difference maps (as illustrated in Fig. 6). CMDV 

provides a more intuitive visualization of how different data 

combinations affect classification performance across 

categories. 

 
RSI 

 
RSI+TPD 

 
RSI+POI 

Fig. 6. Confusion matrix differences from ablation study. 

Experimental results indicate that the model integrating the 

three heterogeneous data sources (RSI, TPD, and POI) achieves 

superior overall performance in the classification of 15 
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categories compared to models using only RSI or the 

combination of RSI and TPD. In contrast, the latter two 

approaches are more susceptible to sample imbalance under 

uneven category distributions, leading to notable performance 

degradation in several categories and an increased risk of 

overfitting. When POI data are integrated with RSI, the model 

shows improved recognition capability for categories with 

limited sample sizes. Compared to using a single data source or 

the combination of RSI and TPD, the combination of RSI and 

POI brings more significant improvements. 

After incorporating TPD data and constructing the three-

source fusion model, the overall test accuracy showed only a 

modest increase of 0.5%. However, the model’s MAP improved 

significantly, increasing by 1.58%. The improvement in the 

MAP is primarily reflected in the recognition accuracy of 

multiple categories, with substantial gains observed in ten 

categories: UBV, FLGL, PGI, OFB, BTR, CMK, SCCS, NPI, 

CENT, among others. Ablation experiment results show that 

multi-source heterogeneous data fusion compensates for the 

limitations of individual data sources in representing spatial 

structure or semantics. The approach also enhances the model’s 

ability to identify minority categories under imbalanced class 

distributions. Consequently, multi-source data fusion can 

effectively enhance the model’s generalization and robustness 

in multi-class classification tasks.

 
Fig. 7. Results of model interpretability analysis. 

d
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C. Interpretability Analysis Results 

As illustrated in Fig. 7, the detailed results of the 

interpretability experiments conducted on the model are 

presented. In the figure, From left to right, the columns are: 

category index (ID), remote sensing imagery (RSI), CAM Grad 

heatmap (RS-CAM), a pie chart displaying the top four POI 

counts for each plot (with all others grouped as “Other”), a line 

chart of temporal population data (TPD), and the visualization 

of attention weights (Attentions_res). Among these, category 

indices A through E correspond to the abbreviations ARFL, 

MTN, ERI, IPFZ, and MHRB, respectively. At the bottom is 

the legend for the POI pie chart, which includes 13 primary POI 

categories. In Attentions_res, rows represent input features and 

columns represent classification target features, where diagonal 

elements indicate the importance of features themselves and 

off-diagonal elements denote the interaction importance 

between features. In the TPD line chart, blue represents 

weekdays and red represents weekends. The chart is divided 

into 24 time steps, with each time step corresponding to one 

hour. 

Analysis of the attention weights in the fusion of the three 

feature types indicates that RSI exerts a notably greater 

influence on the ERI (C), IPFZ (D), and MHRB (E) categories. 

This is because these land parcel types exhibit distinct visual 

differences in spatial form and surface structure. RSI can 

directly reflect their characteristic information in terms of 

texture, shape, and layout, thereby playing a dominant role in 

the classification results. Based on the CAM visualization 

results, the proposed strategy enables the model to accurately 

attend to elements in the imagery that are relevant to the 

classification task. For instance, in ERI (C) samples, the model 

focuses on playgrounds and teaching buildings; in IPFZ (D) 

samples, it concentrates on factory features; and in MHRB (E) 

samples, it emphasizes densely built high-rise regions.  

Analysis of the POI data reveals that the model exhibits 

varying degrees of dependence across categories, with a 

particularly strong reliance observed in the ARFL (A) category. 

Here, the dominant POI type is Mini Supermarket, which aligns 

with the typical characteristics of commercial facilities in rural 

areas. In contrast, the model's dependence on RSI is relatively 

low. This is because the RSI of the ARFL category is similar in 

image features to that of other categories such as MTN, making 

direct distinction via RSI difficult. Meanwhile, POI exhibits 

distinct characteristics in such land parcels and serves as the key 

basis for classification.  

Regarding the temporal population data, although its overall 

contribution is relatively limited, it still provides auxiliary 

support for classification in certain categories. For instance, in 

the MTN (B) category, population density is notably higher on 

weekends than on weekdays, which is likely attributable to 

outdoor activities or tourism-related behaviors. 

However, the proposed model still has limitations when 

dealing with complex land parcels. To illustrate these issues, 

Fig. 8 presents typical misclassification cases. The first column 

shows the sample index (ID). The second column displays the 

comparison between the Predicted Label (PL) and the True 

Label (TL). The label above the dashed line represents the 

Predicted Label. The label below the dashed line represents the 

True Label. 

As shown in Fig. 8, the limitations mainly result from visual 

confusion and sample quality. A critical factor affecting 

recognition performance is the boundary segmentation noise 

within the dataset. Taking Case C in Fig. 8 as an example, many 

water body samples retained excessive riparian vegetation 

background during generation. The "background dominance" 

phenomenon caused the model to focus on vegetation textures 

rather than the water body features during the feature extraction 

stage. Consequently, the model misclassified the water body as 

Rural Architecture and Farmland (RAFL).Furthermore, for 

parcels with complex internal structures serving social 

functions, the absence of key semantic landmarks is a 

significant factor causing recognition errors. As illustrated in 

Case D, the Educational and Research Institution (ERI) parcel 

consists primarily of large lawns and landscape water features. 

The parcel lacks distinctive landmarks such as playgrounds or 

teaching buildings. Therefore, the model failed to extract visual 

features representing "educational" attributes. The failure 

resulted in misclassification due to the lack of salient features. 

Additionally, high inter-class visual similarity is the primary 

cause of the remaining misclassifications. Due to highly similar 

vegetation or surface textures, Cases A (PKSQ) and H (FLGL) 

were misclassified as RAFL. Similarly, Cases F (PKSQ) and G 

(WLD) were mistaken for IPF. Simultaneously, the 

resemblance in architectural forms caused Case B (BTR) and 

Case E (ERI) to be confused with OFB and IPF, respectively. 

Distinguishing such samples using only RSI visual features is 

extremely difficult. Even domain experts would struggle to 

make accurate identifications based solely on imagery. 

However, by integrating complementary socio-semantic 

information from POI and TPD, the classification errors 

stemming from visual confusion are significantly mitigated. 

V. DISCUSSION 

In fine-grained land use classification, single-source data 

often show limited representation ability, and existing multi-

source fusion mechanisms are overly simplified. To address 

these issues, this study proposes a novel model named TIA-Net. 

Experimental results show that TIA-Net improves TP by up to 

15% compared with existing methods [19], [24], [26], [27], The 

Kappa coefficient increases by 0.18, and the MAP almost 

doubles. The core innovation of TIA-Net is the FP-TISA fusion 

module. FP-TISA can perform joint modeling of RSI, semantic 

information from POI, and temporal TPD across three 

dimensions: spatial, semantic, and temporal. The design of FP-

TISA can capture the complex nonlinear relationships among 

heterogeneous data and avoid information loss caused by 

feature interactions in traditional fusion strategies. In addition, 

this study is the first to combine Grad-CAM++ with attention 

weight visualization for multi-modal land use classification. 

Such a strategy reveals the model’s decision logic in both 

feature extraction and cross-modal fusion. It also provides 

verifiable evidence for performance improvement. The 

contribution helps overcome the “black box” problem of deep 
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learning and brings substantial progress in both performance 

and interpretability.  

In the nationwide land use classification task, the TIA-Net 

model achieves significant improvements across multiple 

evaluation metrics. The overall TA reaches 77.64%, the Kappa 

coefficient is 0.740, and the MAP reaches 65.20%, which far 

exceeds existing mainstream baseline models. The MAP of 

IPCM and IPTSIM are only 32.62% and 35.62%, respectively. 

The BibNet model with feature concatenation achieves only 

17.18%, and the ResHANet model with shallow fusion 

achieves only 15.72%. Compared with these methods, TIA-Net 

improves MAP by 1 to 4 times.  

Analysis of the confusion matrix further shows that TIA-Net 

performs particularly well on small-sample classes such as 

SCCS, NPI, and CMK, with TA generally above 70%. In 

contrast, the baseline models perform poorly on these classes, 

and some classes are almost unrecognizable. TIA-Net also 

achieves stable performance on complex classes such as BTR, 

PKSQ, and WTR, which are generally difficult for deep 

learning models to distinguish. These results indicate that TIA-

Net not only achieves high overall accuracy but also 

demonstrates excellent balance and robustness in challenging 

scenarios. These scenarios include imbalanced class 

distributions, long-tail classes, and classes with ambiguous 

boundaries. FP-TISA module uses a dynamic feature modeling 

mechanism across spatial, semantic, and temporal dimensions; 

this mechanism is highly versatile. Its advantages do not depend 

on specific geographic environments or data distributions. 

Although this study's quantitative assessment focuses on 

CNMSLU-100K, FP-TISA's generic feature integration 

strategy provides a solid foundation for applications in broader 

geographic areas and varying data quality environments. The 

main reason for TIA-Net's outstanding performance is that the 

FP-TISA fusion module can adaptively model features in 

spatial, semantic, and temporal dimensions. Such capability 

enables TIA-Net to deeply integrate multi-source 

heterogeneous data while preserving feature representation for 

both dominant and weak classes. 

 

 

 
Fig. 8. Visualization of typical misclassification cases. 

 

The unique FP-TISA module in TIA-Net demonstrates both theoretical and methodological advances over existing multi-
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modal fusion strategies. Unlike most fusion methods that rely 

on local attention mechanisms [19], [27], which only enable 

shallow feature interactions in local spatial regions or single 

semantic layers, the FP-TISA module captures global nonlinear 

relationships across modalities. The FP-TISA module operates 

within a unified spatial–semantic–temporal framework. The 

FP-TISA module uses a three-dimensional self-attention 

mechanism to model multi-modal features globally and 

dynamically. The design of FP-TISA can capture high-order 

interactions among RSI, semantic information from POI, and 

TPD. The FP-TISA module also adaptively models cross-

modal semantic correlations, which enhances the model’s 

ability to distinguish complex classes.In addition, the FP-TISA 

module incorporates a feature preservation mechanism to 

address the problems of “feature competition” [36] and 

“semantic dilution” [37] commonly observed in traditional 

fusion processes. The feature preservation mechanism ensures 

that the original discriminative features of each modality are 

fully retained after fusion. The feature preservation mechanism 

also enables efficient integration of cross-modal information 

and prevents semantic fragmentation caused by feature loss 

[36], [37], [38]. 

In fine-grained land use classification, RSI remain the most 

important source of spatial information. RSI provides rich 

shape, texture, and spectral features. POI data have high 

semantic content. POI reflects human activity density and 

functional structures, effectively complementing the limitations 

of RSI in capturing functional attributes. Notably, POI 

significantly improves the model’s ability to distinguish low-

frequency classes such as ERI and CMK, which is consistent 

with previous studies [25]. Although TPD data contribute less 

overall, TPD still provides auxiliary information for classifying 

categories such as MTN. TPD reflects how population 

movement patterns affect land use types. Future research can 

further explore the temporal characteristics of TPD and 

integrate more advanced temporal modeling methods to 

enhance dynamic recognition capabilities. 

In addition, this study is the first to systematically combine 

Grad-CAM++ with attention weight visualization for multi-

modal land use classification. The approach enhances model 

interpretability and provides direct evidence for the 

effectiveness of the FP-TISA module. The analysis reveals the 

key regions that the model relies on during decision-making and 

clearly shows the differentiated contributions of each modality 

in class recognition. For example, in recognizing ERI, the 

model focuses on campus buildings and playgrounds, 

indicating the key role of RSI in capturing typical spatial 

structures. In identifying IPFZ, the attention concentrates on 

areas with dense factories, highlighting the synergistic effect of 

RSI and POI in industrial functional spaces. In classifying 

ARFL, commercial facilities such as small supermarkets in POI 

serve as the main discriminative features, showing the unique 

contribution of semantic information in recognizing weak 

classes. These results provide intuitive evidence of the 

complementary advantages of multi-source data in spatial, 

semantic, and temporal dimensions. They also validate the core 

value of FP-TISA in cross-modal feature collaborative 

modeling. More importantly, the interpretability analysis 

method overcomes the “black-box” limitation of deep learning 

models, making TIA-Net both methodologically transparent 

and reliable. This study offers a reference paradigm for future 

research on multi-modal land use classification. 

Although this study achieves certain results in multi-source 

data fusion classification, several limitations remain. The model 

relies on the simultaneous input of RSI, POI, and TPD. All three 

types of data are essential, which limits the model’s 

applicability in areas with missing or incomplete data. The RSI 

used in this study are irregular land parcel data. Although this 

study generates samples using the Poisson disk sampling 

method proposed by Yao et al. [25], this method ignores the 

spatial structural relationships among different samples within 

the same image. Such a limitation reduces the model’s ability 

to capture local contextual information. Furthermore, although 

the model in this study can be trained on a single NVIDIA 

GeForce RTX 4090 GPU, its computational demands remain 

prohibitively high for resource-constrained devices, such as 

those used in edge computing. To address these issues, we plan 

to build a unified model framework that can perform land 

parcel-level classification even when some modal data are 

missing. To achieve this, we will introduce a masked auto-

encoding (MAE) inspired framework [39]. By randomly 

masking entire modalities (e.g., POI) during the training phase 

and tasking the model with classification, we compel it to build 

a robust, unified representation that can infer missing 

information from the available sources. Based on the spatial 

representation method proposed by Huang et al. [15], we intend 

to abstract land parcel samples as nodes and construct spatial 

connections among different samples within the same remote 

sensing image. Such an approach aims to enhance the model’s 

ability to capture geographic spatial structures. This study plans 

to adopt knowledge distillation techniques to develop a 

lightweight model, enabling its deployment on edge devices 

[40]. 

Ⅵ. CONCLUSION 

For the land use classification task, this study proposes a 

high-performance and highly interpretable fine-grained land 

use classification model, TIA-Net. On the large-scale MSLU-

100k dataset, TIA-Net achieves a TA of 77.64%, a Kappa 

coefficient of 0.740, and a macro-average accuracy (MA) of 

65.20%. Compared with existing methods, TIA-Net improves 

test accuracy and the Kappa coefficient by approximately 15% 

and 0.18, respectively, and nearly doubles the macro-average 

accuracy. For low-sample classes, TIA-Net achieves 

recognition accuracy generally above 70%, significantly 

outperforming baseline models in similar tasks. 

The core innovation of TIA-Net lies in the introduction of the 

novel FP-TISA module, which achieves deep fusion of RSI, 

POI semantic information, and TPD. Unlike existing strategies 

that mainly rely on local attention mechanisms, FP-TISA 

dynamically models cross-modal feature interactions under a 

unified spatial–semantic–temporal framework through a three-

dimensional self-attention structure. In addition, FP-TISA 

incorporates a feature-preserving mechanism to ensure the 
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complete representation of discriminative features from each 

modality. The design of FP-TISA effectively overcomes the 

limitations of traditional fusion methods in local interaction, 

nonlinear relationship modeling, and semantic fragmentation. 

As a result, the model demonstrates unprecedented advantages 

in recognizing complex land-use types, and provides a new 

methodological paradigm for cross-modal fusion of multi-

source heterogeneous data. 

This study is the first to integrate Grad-CAM++ with 

attention weight analysis to systematically explain the decision-

making process of TIA-Net. The results reveal the critical 

response regions and roles of different modal inputs in 

classification tasks. The analysis shows that RSI data serve as 

the primary information source. POI semantics provide 

valuable complementary information for identifying low-

frequency and functional categories, which significantly 

improves the model’s ability to discriminate challenging classes 

such as ERI and CMK. The contribution of TPD is relatively 

limited overall. However, TPD offers effective support for 

categories with strong temporal characteristics, such as MTN, 

highlighting the potential value of population mobility patterns 

in land-use classification. These interpretability analyses 

confirm the effectiveness of the FP-TISA fusion mechanism in 

achieving deep complementarity across spatial, semantic, and 

temporal dimensions. They also provide a transferable 

analytical paradigm for future interpretability studies of 

multimodal fusion models. 

To further advance FGLUC, TIA-Net will be extended into a 

unified framework that maintains stable predictive performance 

even when some modalities are missing. At the same time, the 

sampling strategy of RSI will be optimized to better preserve 

the spatial structural relationships between samples. 
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