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Abstract—Rural thematic road network construction aims to
extract topological road structures from movement trajectory
images of agricultural machinery. However, this task faces chal-
lenges where downsampling methods commonly used in existing
studies tend to blur the sparse high-frequency road structures,
and the heavy noise from dense field operations often leads to
fragmented or redundant topologies in the extracted networks.
To address these challenges, we propose LFINet, a Laplacian
Frequency Interaction Network. The network begins with a
Laplacian Multi-scale Separator (LMS) to decouple the image
into low-frequency semantic contexts and high-frequency struc-
tural details. These components are then processed by the Cross-
Frequency Interaction Block (CFIB) through a dual-pathway
architecture in which a High-Frequency Block (HFB) refines
local structures while a Spatial Transformer (ST) captures global
semantics. Subsequently, a Frequency Gated Modulation (FGM)
mechanism integrates the features from pathways by leveraging
semantic contexts to calibrate the structural details. Finally, a
Progressive Reconstruction Decoder iteratively fuses multi-scale
features to ensure topological consistency. Experiments conducted
on a real-world agricultural trajectories dataset from Henan
Province, China, show that LFINet establishes a new state-of-
the-art. Specifically, it achieves an Fl-score of 92.54% and an
IoU of 86.12%, surpassing the second-ranked method by 0.64 %
and 1.13%, respectively. This confirms its capability to effectively
construct topological road networks from noisy and sparse field
data.

Index Terms—Road network extraction, Laplacian pyramid,
Agricultural machinery trajectory, Frequency-aware learning,
Multi-scale feature fusion

I. INTRODUCTION

Rural thematic road networks are essential for precision
agriculture (e.g., agricultural machinery navigation and route
planning) but are poorly covered by general GPS maps.
Traditional remote sensing also fails due to the irregular
morphologies of rural roads and their textural similarities with
fields. In contrast, agricultural machinery trajectory data offer
a superior alternative. The widespread deployment of GNSS-
equipped agricultural machinery has generated vast archives of
movement data, recording not only field operations but also
the transit paths connecting farmlands. To leverage these data
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for road extraction, discrete trajectory points are typically ras-
terized into trajectory-derived images, facilitating pixel-level
delineation of valid road segments. However, processing these
images is challenging due to the inherent complexity of agri-
cultural machinery movement, which includes irregular field
operations, navigation through narrow roads, transit across
wide open fields. Such behavioral complexity complicates the
distinction between valid roads and field paths.

The first challenge arises from the structural discontinuity
caused by sparse sampling. Discrete GNSS logging intervals
inherently result in sparse spatial distributions, creating sig-
nificant gaps between trajectory points, particularly in high-
speed straight sections. Existing convolutional neural network
(CNN)-based methods (e.g., U-Net [1], DeepLabV3+ [2]) rely
on local convolutional operators for feature extraction. More
advanced architectures, such as Swin-UNet [19] and Seg-
Former [20], integrate Transformer mechanisms for enhanced
global context modeling. However, these local operations are
ill-suited for sparse trajectories, as the inter-point distances
often exceed the network’s effective receptive field [4]. Sim-
ilarly, Vision Mamba-based methods [3] leverage state space
models to capture global context with linear complexity, yet
their sequential scanning mechanisms remain fundamentally
misaligned with the irregular, non-sequential nature of sparse
trajectory distributions.

The second challenge involves the absence of feature
domain differentiation. In trajectory images, high-frequency
components represent thin linear road structures, while low-
frequency components encode global connectivity. Current
frequency-aware models [5] and dual-decoder architectures
[6], [7] still process these distinct signals simultaneously in
a common mixed-frequency encoder. In these architectures,
both the broad semantic background (low-frequency) and the
sharp, thin road boundaries (high-frequency) are processed si-
multaneously. Consequently, critical high-frequency structural
information is severely attenuated during downsampling oper-
ations. Consequently, critical high-frequency structural details
are severely attenuated during downsampling, restricting the
model’s ability to preserve thin edges while capturing global
topology.

The third challenge stems from dual-source noise inter-
ference. Trajectory data suffer from dual-source interference,
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Fig. 1: Overview of the LFINet. (a) The main pipeline consists of the Laplacian Multi-scale Separator, Cross-Frequency
Interaction Block (CFIB), and Progressive Reconstruction Decoder (PRD). (b) The High-Frequency Block (HFB) utilizes
cascaded depth-wise convolutions for multi-scale feature extraction. (c) The Frequency Gated Modulation (FGM) module
synergizes low- and high-frequency components using semantic gating. (d) Detailed structure of the Conv Stage.

which includes both random perturbations such as GNSS
positioning jitter and structural noise arising from off-center
field operations and dense overlapping points at intersections.
Hand-crafted post-processing (e.g., morphological operations
[8], CRF [9]) often over-smooths genuine road boundaries.
Conversely, while modern deep learning models [18] eliminate
manual intervention, they lack explicit semantic priors to
differentiate between true road structures and task-irrelevant
agricultural interference, struggling to filter out structural
noise.

To address these challenges, we propose LFINet, a Lapla-
cian Frequency Interaction Network for road extraction.
LFINet first explicitly decouples input images into low-
frequency semantic skeletons and multi-scale high-frequency
structural details via a Laplacian Multi-scale Separator (LMS).
To bridge the spectral gap, a Cross-Frequency Interaction
Block (CFIB) is designed to synergize global connectivity and
local edge details. Finally, a Progressive Reconstruction De-
coder (PRD) iteratively integrates these calibrated features to
ensure topological consistency in the extracted road networks.

Our contributions are three-fold:

o We propose a Laplacian Multi-scale Separator (LMS) that
explicitly decouples frequency-specific representations,
preventing the attenuation of high-frequency structural
components during feature encoding while ensuring the
integrity of fine-grained road boundaries.

o We design a Cross-Frequency Interaction Block (CFIB) to
synergize local geometric perception and global seman-
tics. It integrates cascaded dilated convolutions and a Spa-
tial Transformer (ST) via a Frequency Gated Modulation
(FGM) mechanism, adaptively suppressing background
noise using semantic priors.

o We propose a Progressive Reconstruction Decoder (PRD)
that iteratively aggregates refined features, ensuring topo-
logical continuity and effectively mitigating the spatial
detail loss typical of encoder-decoder architectures.

II. METHODS

A. Overall Framework

The proposed LFINet adopts a “decompose-interact-
reconstruct” strategy. As illustrated in Fig. 1, the framework



consists of three core stages. In the frequency decomposi-
tion stage, the Laplacian Multi-scale Separator (LMS) fac-
torizes the input trajectory image into a Gaussian-based low-
frequency semantic base (Ijr) and a hierarchy of Laplacian
high-frequency detail components (Lg, L1, Ls). During the
cross-frequency interaction stage, the Cross-Frequency Inter-
action Block (CFIB) processes these components through two
parallel pathways, including a High-Frequency Block (HFB)
that utilizes cascaded dilated convolutions to refine local edge
perception and a Spatial Transformer (ST) that captures long-
range global dependencies within the low-frequency seman-
tics. These pathways are then synergistically modulated by
the Frequency Gated Modulation (FGM) module, which uses
semantic priors to calibrate high-frequency details. Finally,
the Progressive Reconstruction Decoder (PRD) restores spatial
resolution through a hierarchical upsampling pathway. By
iteratively fusing refined cross-frequency features via skip
connections, the PRD ensures that the final output maintains
high topological integrity and spatial fidelity.

B. Laplacian Multi-scale Separator

To prevent the blurring of fine-grained trajectory boundaries
caused by the implicit frequency mixing in CNN-based back-
bones, we propose a Laplacian Multi-scale Separator (LMS),
which decomposes the input trajectory image I € RF*WxC
into multi-scale frequency components for subsequent refine-
ment. The LMS adopts a recursive “blur-and-subtract” decom-
position strategy. First, a Gaussian pyramid {I;} represents
the image at varying scales, capturing semantic information at
progressive scales.

Il+1 :POOIQXQ(Il*Kg), lZO,...,?), (1)
where Ij is the input image, K, denotes a fixed 3 x 3 Gaus-
sian kernel for anti-aliasing, and Poolsxo represents average
pooling for downsampling. Subsequently, to isolate specific
frequency bands and preserve edge details, we extract each
high-frequency Laplacian level L; by subtracting the upsam-
pled version of the coarser level from the current resolution
features.

L; =1I; — Interpy 5 (I111), 1=0,1,2, )
where Interp,, , signifies bilinear interpolation upsampling.
As a result, the input is transformed into a set of multi-scale
high-frequency features {L;}?_,, where Ly € RZ*WxC
L, € R%X%XC, Ly € RTX%XC, and a low-frequency
feature Iy € R%*%*C that captures global semantics.
Specifically, Lo preserves fine-grained textures and local
topological details, while L; and Ly capture intermediate
structural features at corresponding scales. This frequency-
aware separation allows the subsequent modules to utilize I
for maintaining the connectivity of fragmented paths, while
leveraging L; to delineate road boundaries against complex
field backgrounds.

C. Cross-Frequency Interaction Block (CFIB)

Low-frequency features capture overall road connectivity,
while high-frequency features delineate fine boundary details.
To effectively utilize the decomposed frequency components,
the Cross-Frequency Interaction Block (CFIB) with a dual-
pathway architecture is developed to process low-frequency se-
mantics and high-frequency details independently. Specifically,
the low-frequency base I¢ is fed into a Spatial Transformer,
which utilizes a lightweight Transformer to capture long-range
global dependencies and semantic contexts. Simultaneously,
the high-frequency components L; are processed by the High-
Frequency Block (HFB) to refine local boundary details.
Finally, the outputs from both pathways are synergistically in-
tegrated via the Frequency Gated Modulation (FGM) module.

1) Spatial Transformer (ST): This module leverages self-
attention mechanisms to establish direct interactions between
spatially distant features. By processing the low-frequency
representation as a sequence of feature tokens, the Trans-
former dynamically aggregates semantic contexts across the
global spatial domain. This capability enables the network to
perceive overall connectivity patterns, effectively suppressing
local ambiguities (e.g., field textures resembling roads) by
verifying their consistency with the global road topology.
Consequently, the generated output serves as a robust semantic
prior, guiding the subsequent FGM module to distinguish
genuine road structures from background noise.

2) High-Frequency Block (HFB): For one pathway, the
HFB ensembles cascaded depthwise convolutions (DWConv)
to expand the receptive field while preserving high-resolution
spatial information. First, a convolution is applied to the input
Laplacian feature L; to map it into a high-dimensional feature
space, enhancing its representational capacity.

L; = ReLU(BN(Convsy5(L;))). (3)

Then, I~4 undergoes multi-order DWConv, where three par-
allel DWConv layers with dilation ratios d € {1, 2, 3} are used
to capture multi-scale interactions. A large-kernel depthwise
convolution (11 x 11) is first performed on the global features
for base spatial feature extraction.

Fy = DWConvy_11,a=1(Ly). S

Subsequently, Fj is sliced into three sub-feature sets
[F,, Fy, F.] along the channel dimension with a ratio of 1:3:4.
These subsets are processed hierarchically to encode struc-
tural patterns at varying scales. F, retains the base infor-
mation. The remaining subsets are refined using depthwise
convolutions with increasing kernel sizes and dilation rates,
effectively addressing the continuity issues of slender road

structures.
Fi = DWConvy=s,q=2(Fp), 5)

Fy, = DWConvy—7 4=3(F¢). (6)

The multi-scale features are then concatenated and aggre-
gated via a pointwise convolution to restore channel interac-
tion.

Loy = Convy i (Concat(Fy, Fi, Fy)). @)



TABLE I: Quantitative Comparison of Different Methods

Methods F1 IoU Prec. Recall PSNR Params FLOPs
(%) (%) (%) (%) (dB) M) G)
SAM-Road 81.89 69.33 87.70 76.80 26.17 86.60 32.50
DeepMG 88.08 78.70 9556 81.68 2828 63.08 153.66
T2R-pix2pix 91.89 84.99 97.74 86.70 30.26 42.30 18.88
AD-HRNet  89.04 80.25 95.68 8326 28.17 19.41 6.26
T2R-GAN 87.72 78.13 94.09 82.17 27.57 6.19 12.55
T2R2M 87.69 78.08 94.15 82.06 27.01 37.77 11.07
NL-LinkNet 87.16 77.25 94.14 81.15 2699 21.82 7.86
Spd-LinkNet 86.80 76.67 94.71 80.10 27.10 39.05 8.58
MADSNet  75.71 6091 71.37 80.60 2249 28.99 8.36
SCSegamba 52.37 3547 74.02 40.51 8.66 2.8 18.16
LFINet 92.54 86.12 98.60 87.18 31.14 22.11 65.64

TABLE II: Ablation Study of the Proposed LFINet

Variants F1 (%) IoU (%) Prec. (%) Recall (%) PSNR (dB)
w/o FGM 90.48  82.62 97.10 84.71 28.92
w/o HFB 9190  85.02 98.50 86.14 30.38
w/o PRD 80.18  66.92 87.78 73.80 24.96
w/o LMS 9144 8424 98.64 85.22 30.26
w/o ST 90.88  83.28 98.39 84.43 29.82
LFINet 92.54 86.12 98.60 87.18 31.14

Finally, to suppress background noise and highlight infor-
mative feature maps, we employ a lightweight channel-wise
reweighting block to modulate the aggregated high-frequency
features. The final output L; is generated by adding the
reweighted features to the initial projected feature L; via a
residual connection.

Li = (Leat © 0(¢2(5(61(A(Leat)))))) + Lu, ®)

where A denotes Global Average Pooling, ¢, and ¢2 represent
the two 1 x 1 convolutions (channel reduction and expansion)
and ¢ is the GELU activation function.

3) Frequency Gated Modulation: Following the refinement
of local boundaries in the HFB, the output high-frequency
features L; retain certain task-irrelevant structural noise, such
as erratic machinery movements. To filter this noise, the Fre-
quency Gated Modulation (FGM) module bridges the spectral
gap by calibrating high-frequency details using low-frequency
semantic guidance. As illustrated in Fig. 1, the FGM module
achieves this synergistic feature rectification through three
parallel information streams:

Semantic Gating Stream: This stream suppresses back-
ground noise (e.g., erratic trajectories) by using low-frequency
semantics as a filter. We first align the spatial resolution of the
low-frequency feature Ij; to L; via bilinear upsampling (Up).
A spatial attention mask G is then generated to modulate the
enhanced high-frequency features V.

G = o(DWConvsy3(GELU(BN(Convix1(Up({i¢))))))
V = GELU(BN(DWConvsyx3(L;))),
Mgate =GO ‘/,
©))
where o denotes the sigmoid function, and ©® represents
element-wise multiplication.

Frequency Difference Stream: To capture the complemen-
tary information and structural discrepancies between fre-
quency bands, we employ a concatenated projection.

Myirr = GELU (BN (Convy 1 (Concat(L;, Up(Iy))))) (10)

Detail Preservation Stream: To maintain the fidelity of the
original high-frequency edge details and facilitate gradient
flow, a residual path is applied.

Y

Adaptive Fusion: Finally, to dynamically aggregate these
diverse representations, a channel-wise attention mechanism is
employed. An aggregation weight vector w = [wy, wa, w3] is
predicted from the sum of the three streams via global average
pooling and softmax normalization. The final output L; is then
updated.

Mres = COIlVlX 1 (Ll)

Li=w © Mgate + wa © Myigr + w3 © M. (12)

D. Progressive Reconstruction Decoder

To effectively learn the mapping from sparse agricultural
machinery trajectories to continuous road networks and opti-
mize the spatial details of the generated topology, we design
a Progressive Reconstruction Decoder (PRD). The decoder
consists of progressive reconstruction layers. In each layer,
the input encoder features are processed by an Upsample
block implemented as a transposed convolution followed by
a ReLU activation, which doubles the spatial resolution. To
compensate for the information loss caused by downsampling
in the encoder, we introduce a skip connection mechanism.
The upsampled feature map is concatenated with the refined
high-frequency feature L; from the FGM module. The fused
features are then processed by a Conv Stage (CS) to integrate
the semantic and structural details. The Conv Stage consists
of two stacked 3 x 3 convolutional layers, each followed by
Batch Normalization (BN) and ReLLU activation.

CS(I) = ReLU(BN(Convsy3(ReLU(BN(Convsx3(1)))))).

13)
The progressive update is defined as follows.
I, = CS(Concat(Upsample(I}T1), Ly)). (14)

III. RESULTS
A. Datasets

To ensure the reliability and practical applicability of our
method, we utilized a comprehensive dataset of real-world
agricultural machinery trajectories. The primary data were
collected during the peak wheat harvesting season in June
2021 across Henan Province. These trajectories record high-
precision global navigation satellite system (GNSS) coordi-
nates, speed, and heading information generated during actual
field operations, capturing complex realistic scenarios such as
turning maneuvers and road transits. After converting the raw
GNSS trajectories into image data, we employed data augmen-
tation (e.g., rotation and flipping) to expand sample diversity.
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Fig. 2: Visual comparison with state-of-the-art methods.

(a) Ground Truth (b) w/o LMS (c) w/o HFB
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Fig. 3: Visual comparison of the ablation study.

The augmented dataset was then stratified into a training set of
4,792 samples and a test set of 1,272 samples. Furthermore, we
collected an additional 400 trajectory samples from Nanyang
City, Henan Province, in June 2023 as an independent test set.
The results of the road network construction, taking Nanyang,
China, as a case study, are illustrated in Fig. 4.

B. Experimental Setup

LFINet was trained on an RTX 4090 GPU for 300 epochs
using the Adam optimizer (learning rate 10~%, batch size
16). To handle class imbalance, we used a joint loss: £ =
Lpice + Lpce. Performance was evaluated using Precision
(Prec.), Recall, Fl-score, IoU, and PSNR.

C. Quantitative evaluation on different models

To systematically evaluate our method, we compared
LFINet with ten state-of-the-art models. These baselines can
be grouped into three categories: (1) CNN-based semantic
segmentation models (AD-HRNet [11], NL-LinkNet [12],
Spd-Linknet [13], DeepMG [4], MADSNet [17]); (2) Genera-
tive adversarial networks for image translation (T2R2M [10],
T2R-pix2pix [14], T2R-GAN [15]); and (3) Transformer
and Mamba-based architectures (SAM-Road [16], SC-
Segamba [18]).

As presented in Table I, LFINet achieves state-of-the-art
performance across most evaluation metrics, notably reaching
a Precision of 98.60% and an IoU of 86.12%.

Compared to CNN-based models, LFINet shows a substan-
tial lead in IoU (exceeding them by approximately 6-9%).

CNN-based backbones rely on continuous downsampling,
which acts as a low-pass filter that irreversibly blurs the
high-frequency local topological details of slender roads. By
contrast, our LMS explicitly decouples these components at
the input stage, ensuring that fine-grained geometric priors are
preserved. While generative models demonstrate competitive
PSNR due to their image-to-image translation nature, LFINet
achieves a higher Fl-score (92.54%). This indicates that
our “decompose-interact-reconstruct” strategy is less prone to
generating ‘“hallucinated” road segments in noisy areas than
pure GAN-based synthesis.

To highlight practical feasibility, we also evaluated the
computational complexity of the models (I). LFINet maintains
a parameter count (22.11M), lower than many heavy models
like SAM-Road (86.60M) and DeepMG (63.08M). Although
its FLOPs (65.64G) are higher than lightweight CNNs, LFINet
offers a superior trade-off between computational cost and
topological accuracy.

D. Qualitative Comparison

To intuitively evaluate the perceptual quality and topological
integrity of the extracted road networks, we present visual
comparisons of a representative agricultural scenario in Fig. 2.
As highlighted by the red bounding boxes, existing methods
struggle to handle the structural discontinuity caused by sparse
sampling. In the upper-left region, baseline models fail to
bridge the gap between discrete trajectory points, resulting
in fragmented segments. Similarly, in the central intersection
area, baseline models produce blurred boundaries and miss



Fig. 4: Road network results in Nanyang, Henan, China.

critical connectivity links due to interference from field op-
eration noise. This indicates that standard convolutions lack
the capability to capture long-range dependencies required
for repairing topological fractures. In contrast, our method
outperforms existing approaches, delivering more accurate,
coherent, and robust road network reconstructions.

E. Ablation study

To validate the contribution of each component, we con-
ducted a comprehensive ablation study (Table II). Replacing
the LMS with convolutional layers results in a performance
drop across all metrics, with IoU decreasing by 1.88%. While
removing the HFB leads to a decline in F1-score (91.90%) and
PSNR (30.38 dB),the absence of the Spatial Transformer (w/o
ST) significantly degrades performance (IoU 83.28%, PSNR
29.82 dB), underscoring the criticality of global semantic
modeling. Without this capability for capturing long-range
dependencies, the model fails to connect fragmented segments.
When the FGM is removed, the IoU drops sharply by 3.50%,
and PSNR falls from 31.14 dB to 28.92 dB. In the absence
of FGM, high-frequency details lack the “filter” provided by
low-frequency semantic guidance, leading to the accumulation
of background noise and a loss of reconstruction fidelity. The
“w/o PRD” variant (replaced by simple convolutions) shows
the most drastic collapse, with IoU plummeting to 66.92%.
Visual comparisons (Fig. 3) further corroborate that all ab-
lated variants exhibit varying degrees of topological fractures,
particularly in regions with sparse trajectory coverage.

IV. CONCLUSION

To extract rural thematic road networks from agricultural
trajectories, we proposed LFINet, a frequency-aware frame-
work. LFINet achieves this by explicitly decoupling high-
frequency structural components from low-frequency seman-
tic representations via Laplacian pyramid decomposition and
employing cross-frequency interaction. Experimental results
demonstrate that LFINet achieves robust and accurate road
extraction, establishing a new state-of-the-art performance
compared to existing baselines. Future research will address
several limitations. First, we will evaluate the model’s general-
ization across diverse topographies (e.g., hilly terrains) beyond

our current flat-terrain datasets. And statistical variance anal-
yses will be conducted to validate robustness. Finally, graph-
based vectorization will be explored to enhance topological
completeness.
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