
Large language model-driven 
knowledge graph reasoning for 
enhanced semantic segmentation
Jinhe Su1, Xiaorong Zhang1, Yang Luo1, Yu Chen1, Jinyuan Li1, Shuting Chen2 & Huilin Xu1

Urban scene segmentation is essential for 3D city modeling and plays a crucial role in various remote 
sensing applications, including urban planning and environmental monitoring. While integrating 
knowledge graphs with scene segmentation has improved accuracy, existing methods often depend 
on dataset-specific knowledge graphs, limiting their generalizability across diverse remote sensing 
data. To address this, we propose a novel framework that leverages large language models (LLMs) 
to construct a universal knowledge graph from multi-source geospatial data and incorporate it into 
remote sensing semantic segmentation tasks, enhancing adaptability and robustness in urban scene 
understanding. Specifically, the framework comprises two key components: (1) a Graph Construction 
module that employs LLMs to extract cross-domain semantic relationships and build a universal 
knowledge graph, and (2) a Knowledge Graph Fusion module (KGFusion) that incorporates the 
graph into a semantic segmentation network to enhance semantic understanding. To evaluate the 
adaptability of our method across diverse domains, we curated a mixed dataset encompassing urban, 
rural, and port scenes. Experimental findings validate the efficiency and adaptability of our method, 
achieving 70.94% mIoU on the UAVid dataset and 63.23% on the Mixed dataset, outperforming 
the baseline by 0.43% and 1.04%, respectively. These results validate the robustness of our method 
in cross-domain scenarios and highlight its potential for broader applications in complex urban 
environments.

Remote sensing image segmentation is a foundational step in integrating 3D city modeling with remote 
sensing data, as the quality of segmentation directly determines the efficacy of subsequent data fusion 
processes. Semantic segmentation is a fundamental computer vision task aimed at classifying every pixel in 
an image into specific categories1–3. In essence, it allows computers to understand and assign semantic labels 
to every pixel within an image. It has been extensively applied in diverse domains, including medical image 
segmentation4,5, remote sensing image analysis6, and autonomous vehicle navigation7. Since the introduction 
of fully convolutional networks (FCNs)8 for semantic segmentation tasks, numerous advanced architectures 
have been developed. DeepLab9 pioneered the use of backbone networks incorporating dilated convolutions 
and context extraction modules, with subsequent advancements such as DeepLabv210, DeepLabv311, PSPNet12, 
and DenseASPP13. These methods utilize dilated convolutions and context extraction modules to capture 
fine-grained local contextual information, thereby significantly enhancing feature representation and pattern 
recognition capabilities. In remote sensing, semantic segmentation plays an essential role in urban analytics and 
expansive 3D city reconstruction.

As structured representations of knowledge and their interconnections, knowledge graphs have become 
indispensable in remote sensing image segmentation for 3D city modeling. By integrating the rich semantic 
information encoded in knowledge graphs, segmentation models can more effectively differentiate object 
categories and their spatial relationships, thereby improving segmentation performance, particularly in complex 
and ambiguous urban environments. For example, inter-category relationships, such as spatial adjacency and 
functional dependencies (e.g., connectivity within road networks), can offer valuable guidance for refining 
segmentation and enhancing the overall analysis of urban scenes.

Previous studies14 have investigated the integration of domain-specific knowledge graphs to improve 
semantic segmentation performance. However, the dataset-specific nature of these approaches restricts their 
generalizability to new datasets and impedes broader adoption. Another study15 proposed a knowledge graph 
for the remote sensing domain; however, its integration method for semantic segmentation is relatively complex, 
relying on entity-level connectivity constraints and inter-entity co-occurrence relationships. Recently, large 
language models (LLMs)16–20 have rapidly advanced, with numerous models being developed. They provide 
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new opportunities for automating knowledge graph construction, excelling in text processing and semantic 
understanding, and enabling the generation of general-purpose knowledge graphs applicable to remote sensing 
segmentation. Leveraging these advancements holds the potential to further improve semantic segmentation 
and enable scalable, high-precision 3D urban reconstruction.

Traditional knowledge graphs are typically constructed for specific domains, where the entities and 
relationships are tightly coupled with predefined ontologies and expert-curated schemas. As a result, they 
exhibit limited generalization and poor adaptability when transferred to new domains, especially those with 
distinct visual perspectives or data distributions. This domain dependence often leads to semantic misalignment 
and suboptimal knowledge reuse.For example, in the UAVid dataset – a representative aerial-view remote 
sensing image collection – traditional ground-level knowledge graphs that focus on entities such as pedestrians 
or streetlights may become less effective. These objects are often visually distorted, or even irrelevant under 
aerial perspectives, leading to entity-relationship mismatches and degraded inference accuracy.In contrast, 
our approach leverages large language models (LLMs) that have been pretrained on vast and diverse corpora, 
enabling them to encode rich prior knowledge and semantic associations across multiple domains. This 
pretrained generalization allows for more flexible and robust reasoning when extracting and aligning entity 
relationships, even in specialized domains like remote sensing. As a result, our method offers better adaptability 
and transferability in constructing semantic knowledge graphs under varying data modalities and viewpoints.

To overcome the limitations of knowledge graphs in generalizability, particularly for remote sensing image 
segmentation in 3D city modeling, we propose a novel framework that integrates semantic prior knowledge 
from a knowledge graph into a semantic segmentation network. This unified approach enhances segmentation 
performance by leveraging structured semantic relationships. By harnessing the power of large language models 
(LLMs), we construct a large-scale knowledge graph specifically designed for urban environments. Additionally, 
we enhance DDRNet by integrating prior knowledge derived from the constructed knowledge graph.

In this knowledge graph, each node represents an urban object category, and the edges encode spatial or 
functional relationships, such as adjacency or connectivity. The knowledge graph, represented as a matrix, 
is seamlessly integrated into the segmentation network. Through graph convolution, the knowledge graph 
embeddings are incorporated as supplementary information into the network’s feature representations. This 
integration significantly improves segmentation performance, particularly in complex urban scenarios such as 
road networks (Fig. 1(b)), as evidenced by the enhanced segmentation results compared to the baseline without 
knowledge graph integration (Fig. 1(a)).

Furthermore, to heighten the generalizability of our method, we introduce a Mixed dataset comprising diverse 
urban categories, including buildings, roads, vegetation, and other key elements. This dataset enables robust 
evaluation across various remote sensing scenarios. This advancement highlights the potential of knowledge 
graphs to enhance scene understanding in urban analysis and support precise, scalable 3D city reconstruction.

The key contributions of our work are outlined as follows: 

	1.	 We construct a knowledge graph using LLMs to guide the knowledge propagation between nodes in GCN 
and apply it to semantic segmentation tasks, improving the accuracy of semantic segmentation.

	2.	 We modified traditional semantic segmentation networks by incorporating a knowledge graph fusion mod-
ule, which enhances segmentation accuracy by leveraging the relationships between categories within the 
dataset.

	3.	 Our method achieved improvements on the constructed multi-scene Mixed dataset compared to the UAVid 
dataset, demonstrating its effectiveness and generalization capability.

Fig. 1.  By incorporating knowledge graph embeddings into our method(b), we can enhance semantic 
segmentation performance, as highlighted by the purple regions.
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Related Work
Semantic Segmentation
Semantic segmentation, a fundamental problem in computer vision, aims to accurately classify every pixel 
in an image by associating it with a distinct semantic category.Since the introduction of FCNs8, remarkable 
advancements have been achieved in this domain. Subsequently, the architecture evolved into SegNet21 and 
U-Net22, both of which employ the encoder-decoder architecture, a prevalent and widely utilized framework in 
semantic segmentation tasks. While ResNet23 has been widely used as the encoder, more sophisticated networks 
like HRNet24 and ICNet25 have emerged to address complex segmentation scenarios. Decoders, on the other 
hand, typically focus on capturing global context and enhancing receptive fields. Recently, transformers26 have 
been explored as decoders, leading to a series of vision transformer-based methods27–31. These methods aim to 
assist the encoder in extracting more effective pixel representations.

In addition to these standard semantic segmentation approaches, several recent studies in related domains 
have explored temporal, multiview, and knowledge-guided feature modeling, which provide inspiration for 
enhancing segmentation. Specifically, approaches like TSMGA32 and STWANet33 leverage temporal-spatial 
multiscale features and attention for change detection, while MVAFG34 focuses on multiview fusion and 
advanced feature guidance to capture dependencies. Other techniques, such as the high-density iterative 
methods in HDIOD35 and visual style prompt learning in VSP36 for detail restoration, highlight the value of 
integrating structured knowledge and multi-scale context. These works highlight the potential of integrating 
structured knowledge or multi-scale context, which motivates our approach of incorporating knowledge graphs 
to improve segmentation accuracy.

In prior research, DDRNet37 introduced the deep dual-resolution network and the deep aggregation pyramid 
pooling module.By processing high-resolution and low-resolution features concurrently, deep dual-resolution 
networks effectively capture both intricate details and broader contextual elements, leading to enhanced semantic 
segmentation performance.The Deep Aggregation Pyramid Pooling Module (DAPPM) effectively fuses multi-
scale features through multi-scale pooling operations, improve the ability to recognize objects at different scales 
and ensure that the model can adapt to diverse scenarios. The equation of the Deep Dual-Resolution Network 
can be formulated as follows:

	

{
F (x) = ReLU(BN(C3×3(ReLU(BN(C3×3(x)))))))
Output = F (H) + (F (L) ↑ 2) � (1)

where BN denotes Batch Normalization, ReLU represents the Rectified Linear Unit activation function, and 
C3∗3 signifies a 3x3 convolution. The DAPPM module downscales a feature map with an primary resolution 
of 1/64 of the input image by applying a series of strided convolutions with strides of 2n, thereby generating 
progressively lower-resolution feature maps. This process can be formalized as:

	

{
F (X, K, s) = C1×1(C3×3(X ↑ s))
Output = C1×1(F (X, 5, 2)||F (X, 9, 4)||F (X, 17, 8)||F (X, H × W, 1)||F (X, 5, 1)) + X � (2)

where K denotes the kernel size,s represents the upsampling factor, andF refers to a composite operation 
consisting of a convolution, an upsampling operation, and a subsequent 1×1 convolution.

Knowledge graph
A knowledge graph38, serves as a structured repository that delineates various entities along with their 
interconnections through a graphical framework. It serves as a massive semantic network, interconnecting 
diverse information from the world into a vast knowledge system. Knowledge graphs are versatile tools with 
extensive applicability across diverse domains, including large-scale integration and knowledge extraction 
from various data sources39. They can be applied to urban road scenarios, geographic sciences, and more. 
Constructing a knowledge graph involves information extraction, entity extraction, and relation extraction. For 
entity extraction, techniques like FudanNLP40 and NLPIR41 are commonly used. Relation extraction methods 
can be classified into four main types: supervised, semi-supervised, unsupervised, and open-world approaches. 
We observed a scarcity of projects that leverage knowledge graphs to direction semantic segmentation tasks. 
Therefore, we constructed a knowledge graph for our experiments to enhance segmentation accuracy.

Graph convolutional networks (GCNs)
G raph Convolutional Networks (GCNs) are powerful neural network models designed to operate on graph-
structured data. Their core principle lies in learning node representations by propagating information from 
neighboring nodes. Constructing a GCN typically involves data preparation, model definition, forward 
propagation, loss function design, backpropagation and optimization, and evaluation and tuning. The 
foundational framework of GCNs42 was first introduced in 2017, demonstrating their effectiveness in semi-
supervised classification. GraphSAGE43 extended the GCN model, enabling inductive representation learning 
on large-scale graphs. Furthermore, the introduction of Graph Attention Networks44 (GATs) further enhanced 
the performance of GCNs. APPNP45 introduced a novel aggregation scheme that improves the performance of 
GCNs. Additionally, there has been research on GCNscan to enhance its performance46,47.In this work, we aim 
to enhance semantic segmentation accuracy by leveraging GCNs to fuse the matrix representation of knowledge 
graphs with class embeddings from the dataset and previously proposed features.
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Method
This section outlines the proposed architecture specifically designed for semantic segmentation tasks. Figure 
2 provides an overview of the architecture, which is composed of two key components: the Deep Aggregation 
Pyramid Pooling Module (DAPPM) and the Knowledge Graph Fusion Module (KGFusion). Specifically, Upon 
receiving an input image, the initial step involves its processing through a deep dual-resolution network to 
extract fine-grained details and global contextual information. For the low-resolution features, we use DAPPM 
to enrich the contextual information, followed by a 1×1 convolution for refinement before feeding the features 
into KGFusion. Meanwhile, we leverage large language models (LLMs) to construct a universal knowledge graph, 
which is converted into a matrix form and used as input to KGFusion. Additionally, category embedding vectors 
from the dataset are also fed into KGFusion. By leveraging the inter-class relationships in the knowledge graph, 
KGFusion enhances contextual understanding and improves generalization capabilities. The refined features 
obtained from KGFusion are subsequently integrated with those from the high-resolution branch. Ultimately, 
these combined features are directed through the segmentation head to produce the final prediction.

LLM-based knowledge graph construction
Previous studies primarily focused on constructing task-specific knowledge graphs from open-source knowledge 
bases tailored to specific datasets, limiting their applicability to datasets from different scenarios. To address this 
limitation, we leveraged a large language models(LLMs)19 to build a generalized knowledge graph. We chose 
ChatGLM because it provides a free API interface, enabling us to more efficiently refine the construction of 
our knowledge graph. Through this interface, we can conveniently extract and integrate structured semantic 
information, thereby enhancing the coverage and accuracy of the knowledge graph. We did not fine-tune the 
large language model but instead guided the model to generate data that meets our requirements through a 
set of designed rules and prompts. This approach not only reduces computational costs but also ensures the 
controllability and consistency of the data generation process, enabling it to more efficiently fulfill the demands 
of specific tasks. These include constraints such as:

•	 The defined entities are {object1} and {object2}
•	 The output is in JSON format, unformatted, and on a single line, follow-
ing the pattern: {“parent”: entity1, “child”: entity2, “relation_type”: 
, “template_index”: }

•	 Determine the relationship between {object1} and {object2}
•	 relation_type must be selected from the relationships defined in {ob-
ject2}. There is no need for numbering; only the relationship names cor-
responding to the numbers are required. For example, relation_type should 
be a string.

Here, object1 and object2 represent two categories whose relationship needs to be determined. We define 
a set of relations including context, instance, precedence, composition, causality, input, output, similarity, manner, 
and association.

The final output is a file in the following format:
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Fig. 2.  Our network architecture consists of two primary components: a knowledge graph construction 
module and a knowledge graph fusion module(KGFusion). In the figure, E represents the matrix-based 
knowledge graph, and V denotes the class word embedding vectors. The construction module employs large 
language models to infer relationships between categories and definitions obtained from Baidu Baike according 
to predefined rules. The KGFusion module integrates the constructed knowledge graph into the network, 
enabling the model to leverage prior knowledge for enhanced semantic understanding and reasoning.
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{
 “parent”: entity1
 “child”: entity2
 “relation_type”:
 “template_index”:
}

By extracting the relevant categories from this knowledge graph, we can construct a small-scale knowledge 
graph and integrate it into the semantic segmentation task.

Our knowledge graph includes a wide range of scenarios, such as urban areas, rural areas, neighborhoods, 
and more. Including buildings, roads, trees, moving vehicles, stationary vehicles, pedestrians, aircraft, ships, 
and walls. Attribute relationships, primarily spatial in nature, serve as semantic bridges between these entities, 
encompassing concepts like adjacency, orientation, parallelism, and enclosure. For example, a moving vehicle 
is typically enclosed by a road, and a tree is often adjacent to a road or building. Finally, we constructed a 
universal knowledge graph represented by triples. To effectively integrate this knowledge graph into the semantic 
segmentation network, we transformed it into a matrix form.

Furthermore, we employ GloVe 6B48 word embeddings to obtain vector representations for each category, 
serving as foundational node embeddings. Each embedding is 300-dimensional, enabling the capture of rich 
semantic information and supporting reasoning about object relationships in semantic segmentation tasks. To 
facilitate integration with our subsequent KGFusion module, we converted these category embeddings into a 
pickle format.

We believe that the role of LLMs in constructing knowledge graphs lies in the following aspects: Firstly, large 
language models (LLMs) can significantly reduce the cost of manual annotation during the construction of 
knowledge graphs. By automatically extracting entities and their relationships from large-scale text data, LLMs 
accelerate the process of knowledge construction and updating, while avoiding the labor-intensive and error-
prone nature of traditional manual annotation. Moreover, LLMs are capable of processing cross-domain and 
multimodal data, enabling the creation of more comprehensive and precise knowledge graphs.

Secondly, LLMs excel at understanding complex relationships between objects in intricate scenes. In 
semantic segmentation tasks, traditional methods often rely on pixel-level features, whereas LLMs, combined 
with knowledge reasoning, can enhance the model’s ability to comprehend semantic associations among objects, 
resulting in segmentation outcomes that align more closely with human cognition. For instance, in agricultural 
scenarios, LLMs can leverage extensive prior knowledge to infer that “farmland is typically adjacent to water 
sources,” thereby improving the recognition accuracy of targets such as irrigation facilities, farmland, and 
ditches in remote sensing or drone imagery, and reducing instances of missegmentation. This knowledge-driven 
approach not only deepens the model’s understanding of complex real-world relationships but also significantly 
enhances its generalization capability, making it adaptable to a wider range of scenarios.

Knowledge graph fusion module (KGFusion)
Knowledge graphs can capture semantic relationships between different categories, enabling a better understanding 
of the connections between objects. Our Knowledge Graph Fusion Module (KGFusion) incorporates knowledge 
graphs into semantic segmentation tasks, bolstering the model’s capacity for generalization. In Section 3.1, we 
make use of large language models (LLMs) to extract a universal knowledge graph, which can be applied to 
scenarios with unknown classes or datasets with significant class discrepancies.To leverage the rich semantic 
information in knowledge graphs for semantic segmentation, we refer to49,50 and make appropriate adjustments 
to adapt it to our network. We first represent the knowledge graph as a matrix, which allows us to efficiently 
encode the semantic relationships between different entities. Subsequently, we introduce class embedding 
vectors to capture the semantic characteristics of each class. By aligning these class embeddings with those in the 
semantic segmentation task, we can effectively narrow the divide between the elevated semantic insights within 
the knowledge graph and the foundational visual elements derived from the image.

As shown in Fig. 3, the KGFusion module comprises three essential elements: a graph convolutional layer, a 
semantic mapping layer, and a graph reasoning layer. The graph convolutional layer is instrumental in discerning 
the inherent connections among various entities through the dissemination of feature information across the 
knowledge graph’s edges. This enables the model to assimilate contextual data from adjacent nodes, thereby 
enriching the feature depiction of every spatial area and promoting more precise semantic segmentation.

Given input feature vectors Xl ∈ RD∗H∗W , a knowledge graph Ec∗c, and class embedding vectors vc∗k , 
where the word embedding vectors V are derived from the GloVe library and the relational graph E is constructed 
from our custom knowledge graph. We use a GCN to normalize these inputs, ultimately obtaining a semantic 
graph enriched with contextual relationships. This semantic graph is then concatenated with the features (raw 
features) Xl passed from the previous network layer. Subsequently, the processed features are amalgamated with 
the original features, culminating in the module’s definitive output Xl+1. Specifically, we first input the category 
embedding vectors and the matrix-based knowledge graph into the graph convolutional network (GCN) for 
two rounds of graph convolution, enhancing the representation of local features. Furthermore, The core role of 
the Graph Convolutional Network (GCN) here is to deeply integrate the structured semantic information (such 
as entities and relationships) from the knowledge graph with visual features, thereby significantly enhancing 
the semantic segmentation model’s ability to understand global context and complex category relationships. 
Since the graph convolution operation alters the feature distribution of each symbol node, it is necessary to map 
the symbol node representations back to the raw features. First, it is necessary to compute the compatibility 
mv→xi ∈ Mv  between the local visual features and the symbol node, as shown in the following formula:
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mv→xi = exp ([v, xi]W )∑

xi
exp ([v, xi]W ) � (3)

where W is a learnable weight matrix derived through a 1×1 convolutional operation, xi is each local feature, v is 
each symbol node. Next, this compatibility matrix is used to integrate semantic information into the local visual 
features, performing a weighted mapping of semantic features based on these relational weights. Subsequently, 
each local feature is updated through the weighted mapping of symbol nodes representing different semantic 
features. Finally, the input for the next convolutional layer is obtained as follows:

	 xl+1 = σ(MvV l+1W a) + Xl� (4)

where σ represents the ReLU activation function, Hv  denotes the compatibility matrix and W a is a learnable 
weight matrix for transforming the dimension.

Here, semantic mapping is primarily used to align the structured semantic information (such as entities and 
relationships) from the knowledge graph with visual features, thereby bridging the gap between visual features 
and semantic labels and further improving the performance of semantic segmentation tasks. Through semantic 
mapping, the model can associate pixel-level visual features in images with high-level semantic information 
(such as category names and entity relationships), enhancing the understanding of semantic consistency.

Experiment
Experimental settings
Datasets
UAVid51: It is designed for semantic segmentation endeavors within urban settings, with a particular emphasis 
on street-view scenarios. It comprises 8 semantic classes (Building, Road, Static car, Tree, Low vegetation, 
Human, Moving car, Background clutter) and is available in two resolutions: 3840x2160 and 4096x2160. The 
dataset consists of 42 sequences, partitioned into training (20 sequences), validation (7 sequences), and testing 
(15 sequences) sets. For our experiments, we resized each image to 1024x1024. The dataset is partitioned into 
training, validation, and testing subsets in an 8:1:1 ratio, containing 1728, 216, and 216 images, respectively.

Mixed:   We constructed a multi-source heterogeneous hybrid semantic segmentation dataset by integrating 
several real-world remote sensing datasets (Potsdam, Vaihingen, LandCoverAI52, UAVid51, and UCM53) along 
with synthetic data sources including the SynthAer54 virtual dataset and GTA-V-SID55 game scene data. To 
ensure consistency across datasets, we developed a unified label mapping system that standardizes semantically 
equivalent but differently labeled categories (e.g., “road” vs. “lane”) into common labels, while performing 
comprehensive format conversion and semantic alignment on all annotations. To address class imbalance 
issues, we implemented multi-scale data augmentation strategies during training, incorporating both geometric 
transformations and class-targeted augmentation techniques, which significantly improved model performance 
on minority classes. This hybrid dataset uniquely combines multi-perspective data from aerial, satellite, and 
UAV sources, effectively leveraging the complementary advantages of both real-world and virtual data. The 
dataset comprises 40,029 images across 19 categories, which we split into training, validation, and test sets at 
an 8:1:1 ratio. Tasks involving the semantic segmentation of remote sensing imagery necessitate the handling of 
varied and intricate image datasets, yet current collections frequently lack sufficient data volume and diversity 
in scenes. To overcome these constraints, we have constructed an innovative composite dataset that integrates 
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+ +1
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Fig. 3.  An overview of our Knowledge Graph Fusion Module. In this module, we first apply graph convolution 
to both the matrix-form knowledge graph and the vector representation of categories twice to obtain a 
semantic graph. Subsequently, we align this semantic graph with the features derived from the network’s prior 
operations. The aligned features are subsequently combined with the original features to generate enriched 
representations.
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images from multiple remote sensing origins, sensors, and capture scenarios. This encompasses a broad spectrum 
of environments, including metropolitan areas, countryside locales, and natural terrains, showcasing a diverse 
array of object types and complex background diversity. The primary objective of this dataset is to enhance the 
generalization capabilities of models, enabling more robust adaptation to the challenging and heterogeneous 
nature of remote sensing imagery. It provides a solid benchmark for advancing algorithms in remote sensing 
image analysis.

Implementation details
Every model involved in this experiment was executed utilizing the PyTorch framework on a solitary NVIDIA 
GTX 3090 GPU. Specifically, we utilized the AdamW optimizer for the training of models, setting a foundational 
learning rate at 0.001 and a weight decay parameter at 0.01. The warmuppolylr scheduler was implemented to 
modulate the learning rate throughout the training process. A uniform batch size of 16 was maintained across 
all datasets. In the absence of pre-trained models, the training spanned 150 epochs. During the validation phase, 
random scaling augmentation ([0.5, 0.75, 1.0, 1.25, 1.5]) was applied. We evaluated the model using Intersection 
over Union (IoU) as evaluation metrics.

On the UAVid dataset, we conducted comparative experiments with three existing methods. Among them, 
DecoupleNet is a lightweight backbone network specifically designed for remote sensing vision tasks, suitable 
for various tasks such as image classification, object detection, and semantic segmentation. In this study, we 
compared its best-performing version, D2. On the Mixed dataset, we trained using these two methods separately, 
with the number of epochs, learning rate, and optimizer settings kept consistent with those of our proposed 
method to ensure the fairness of the experiments.

Experiment results
The UAVid dataset, comprising diverse urban scenes captured by drones under varying illumination conditions, 
presents considerable difficulties for segmentation endeavors owing to the wide range of object scales. 
Consequently, improving segmentation performance on this dataset is highly valuable. Our experimental 
results, show in Table 1, illustrate that our introduced approach attains a mIoU of 70.94% on the UAVid 
dataset, surpassing the baseline methods DDRNet and UNetFormer by 0.43% and 3.14%, respectively. Notably, 
UNetFormer, with its hybrid architecture, has previously achieved a competitive mIoU on this benchmark. The 
experimental results on UAVid validate demonstrates the efficacy of our proposed method.

The UAVid test set was used to visually evaluate the segmentation performance of our method and DDRNet, 
as shown in Fig. 4. Our method excels at segmenting objects of various sizes and shapes in complex urban 
environments, especially in challenging UAV-based segmentation tasks. DDRNet exhibits limitations in 
segmenting large objects and dense, fine-grained objects accurately. Our approach addresses these shortcomings 
by integrating prior knowledge from knowledge graphs. This enables the model to refine predicted categories 
based on inter-class relationships, resulting in improved segmentation accuracy and reduced detail loss. The 
proposed method effectively mitigates the challenges posed by DDRNet, achieving superior visualization results.

The Mixed is a custom-curated dataset constructed by integrating multiple remote sensing image datasets, 
including a wide variety of environments like urban districts, countryside regions, and harbor zones. The dataset 
exhibits significant heterogeneity, including variations in class definitions and label inconsistencies across 
subsets, posing considerable challenges for semantic segmentation tasks. Notwithstanding these challenges, 
the Mixed dataset offers a benchmark for evaluating the generalization potential of segmentation techniques 
in intricate real-life situations. As demonstrated in Table 2, our method achieves competitive performance on 
the Mixed dataset, demonstrating relative improvements of 5.09% over UNetFormer and 1.04% over DDRNet. 
These results underscore the potential of our approach in effectively handling the heterogeneity and diversity of 
the dataset.

The qualitative visualization results on the Mixed dataset are provided as shown in Fig. 5. It is clear that our 
approach exhibits notable benefits compared to DDRNet. Specifically, due to the inherent complexity of the Mixed 
dataset, both UNetFormer and DDRNet achieve relatively low mIoU scores on this challenging benchmark. In 
contrast, our method effectively enhances the mIoU performance by incorporating a knowledge graph. Notably, 
the knowledge graph constructed in our approach exhibits superior generalizability and adaptability compared 
to DDRNet. This improvement can be ascribe to the fact that the Mixed dataset places a higher demand on 
modeling category relationships than the UAVid dataset, further highlighting the robustness of our approach.

In addition, we performed ablation experiments to evaluate the performance of various large language models 
(LLMs) in knowledge graph construction. For detailed comparative results across different large language 
models, please refer to Supplementary Table 1 and its corresponding experimental section in the Supplementary 

Method Building Road Tree Vegetation MovingCar StaticCar Human Clutter mIoU Params(M) GFlops

UnetFormer56 87.40 81.50 80.20 63.50 73.60 56.40 31.00 68.40 67.80 11.7 56.9

DecoupleNet D257 85.40 80.60 78.80 62.10 74.10 49.70 30.80 65.10 65.80 6.8 32.1

SegFormer58 86.30 80.10 79.60 62.30 72.50 52.50 28.50 66.60 66.00 13.7 63.3

DDRNet (baseline)37 91.64 84.17 78.82 71.95 72.09 67.65 27.14 70.64 70.51 5.73 4.91

Ours 91.79 83.62 78.56 71.84 74.15 69.50 27.97 70.08 70.94 5.79 4.93

Table 1.  Comparison of results on the UAVid test set with other methods. The bold column indicates the best 
results.
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Fig. 4.  Visualization results on the UAVid test set. Each column represents a type of image, with the rows 
showing different samples. The columns are input images, ground truth, baseline segmentation results, and the 
segmentation outcomes of our approach, respectively. Compared to DDRNet, our method offers more accurate 
segmentation results, especially for complex scenes and small objects, by effectively preventing detail loss and 
segmentation errors.
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Materials. The experimental results demonstrate that the differences in the final accuracy improvement across 
models were marginal. Consequently, we adopted ChatGLM as the primary model for knowledge graph 
construction.

Conclusion
In this paper, we propose a novel method for constructing a universal knowledge graph using large language 
models. We also argue that the relationships between categories can aid in scene-level segmentation, and thus 
introduce a knowledge graph fusion module to integrate the proposed prompt-based graph into the semantic 
segmentation network. This module combines relevant class information from the knowledge graph with 
the semantic segmentation task, allowing us to leverage contextual information for more accurate pixel-level 
segmentation. For example, knowing the ‘adjacent’ relationship between ‘road’ and ‘tree’ in our dataset enables 
our model to focus more on tree features when recognizing roads. Experiments conducted on the UAVid and 
Mixed datasets validate our hypothesis and the generalizability of the knowledge graph. In future work, we 
will explore alternative methods for capturing inter-class relationships within the dataset, beyond knowledge 
graphs, to further enhance their generalizability. However, due to the lack of fine-tuning, the current LLM 
may still exhibit limitations in capturing domain-specific nuances and may experience latency when reasoning 
about inter-entity relationships – a known drawback arising from the static nature of pre-trained models. While 
the general capabilities of pretrained LLMs are sufficient for initial relation inference, fine-tuning remains a 
promising direction for enhancing precision and adaptability, especially in evolving remote sensing scenarios. 
Additionally, although data augmentation has helped alleviate class imbalance, the diversity of samples for 
extremely rare categories remains limited. In future work, we plan to fine-tune the LLM using domain-specific 
corpora to improve knowledge adaptability, and further incorporate diffusion-based data generation to enrich 
minority-class representations. Moreover, although data augmentation has mitigated the class imbalance 
problem, the sample diversity for extremely rare categories may remain inadequate. Furthermore, we propose to 
employ diffusion models to generate more diverse minority-class samples.

Method Building LowVeg Tree Car Water Ship Tank Playground Sidewalk mIoU Params(M) GFlops

UNetformer56 78.70 73.04 82.16 54.48 91.99 55.11 44.12 45.03 90.73 58.14 11.7 56.9

DecoupleNet D257 17.87 61.45 57.02 25.72 56.48 43.73 46.52 28.28 70.77 43.57 6.8 32.1

DDRNet (baseline)37 85.75 76.62 84.99 60.31 95.23 48.41 65.61 67.31 91.26 62.19 5.73 4.91

Ours 86.35 77.88 86.22 62.3 95.85 53.69 71.61 69.76 91.97 63.23 5.79 4.93

Table 2.  Comparison of results on the Mixed test set with other methods. The bold column indicates the best 
results. Given the extensive class information within the mixed dataset, we present a comparative analysis of 
accuracy for a selected subset of classes, as detailed in this table.

 

Scientific Reports |         (2026) 16:1736 9| https://doi.org/10.1038/s41598-025-31346-x

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Data availability
The data that support the findings of this study are available from the corresponding author, Huilin Xu, upon 
reasonable request.

Fig. 5.  Visualization of results on the Mixed test set. Each row shows a sample, with the columns representing 
the input image, ground truth, baseline segmentation result, and the segmentation outcomes of our approach, 
respectively. Compared to DDRNet, our method exhibits superior segmentation accuracy, particularly when 
segmenting objects that are similar in appearance to their background.
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