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0 BACKGROUND 4 RESULTS

* Transformer-based networks and involution module are effective and has
drawn much attention in computer vision but underutilized in remote sensing,
especially for super-resolving building datasets.

« Current SISR networks cannot achieve high performance while maintaining
low computational costs at the same time. The SISR networks need to be
refined to reach higher efficiency.

« High-resolution images have potential to lead to high performance in building
and other landcover detection.

1 OBJECTIVES

1) Tackling the scarcity of HR imagery, particularly in disaster scenarios, by Fig.5. Qualitative Evaluation of RFA-PVTInvoNet on MAS Building Dataset

leveraging SR networks to enhance LR images for building detection tasks; * Following prior SISR research, the evaluation of SR images uses Peak Signal-Noise Ratio
(PSNR) and Structural Similarity Index Measurement (SSIM) to assess reconstruction
quality and similarity, while Frames Per Second (FPS) gauges the performance efficiency
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(2) Providing a more robust evaluation framework using U-Net for buillding

rooftop detection on SR—enhqnced Imagery with comprehensive metrics of SR methods
sucn as ACCUI’OCY, loU, Precision, Recall, and F1 Score; Table 1. Quantitative Evaluation of Selected Typical SISR Models
(3) Validating the effectiveness of SR networks in improving image quality for (Tested on the WHU Building Dataset, the MAS Building Dataset and the WAT Building Dataset)
critical applications such as urban planning, environmental monitoring, and WHU Building Dataset MAS Building Dataset WAT Building Dataset
disos’rer response (HR: 0.3m; LR: 1.2m) (HR: 1m; LR: 4m) (HR: 0.12m; LR: 0.48m)
= | SISKE PSNR SSIM Testing Speed P5NR SSIM Testing Speed PSNR SSIM Testing Speed
Models (dB) (FPS) (dB) (FPS) (dB) (FPS)
2 |NTRODUCT|ON El 20.00 0.32 7.79 20.44 0.45 9.46 28.38 0.75 8.77
SECNN 21.47 0.45 0.17 22.69 0.62 h.89 32.19 0.82 0.65
. . . . DREN 21.41 0.45 5.16 21.34 0.44 h.16 31.34 0.82 5.16
Conventional evaluation metrics such as PSNR and SSIM focus solely on pixel- SRRestNet 21.03  0.449 6.38 2061 0.48 7.18 30.51  0.81 7.88
. . . . SF . . MSCA-RFANet 21.93 0.49 3.40 22.74 0.61 3.09 33.10 0.85 3.52
level similarity, overlooking the practical utility of SR-enhanced images  In REA PV TNer 2201 050 3 0% > 70 062 301 3300 0aE 33
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PVTInvoNet)-that leverages cross-channel information to reconstruct higher-
quality images. Instead of relying solely on fraditional SR evaluation metrics, the
model's effectiveness is evaluated through its impact on building detection
accuracy using U-Net on the Massachusetts (MAS) building dataset. Results
show that with SR network enhance image quality, the building detection
performances can be improved.

3 METHODOLOGY

Resolution:
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The RFA-PVTInvoNet is constructed by three parts: the s :
head part, the trunk part and the reconstruction part. ’

O The head part (Fig.1): Use convolution modules to convi '

perform initial feature extraction.
Fig.1. The Head Part of RFA-PVTInvoNet

O The truck part (Fig.2): RFA+, modified PVT v2 and involution modules.

» RFA+: Enhanced Spatial Attention (ESA) and Channel Attention (CA)
modules

» Modified PVT_v2: Concatenate the resized features in the four stages to
obtain the feature information from these four stages of PVT v2.

» Modified involution module: Generating kernel parameters through feature
maps, thereby augmenting the overall feature exiraction capability
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Fig.2. The Trunk Part of RFA-PVTInvoNet

Resolution:
1 m/pixel.

0 The reconstruction part (Fig.3): bridge the features extraction and the

original image information, ensuring the high-quality image output. > Visual Evaluation:

Compared to building detection results from LR
Images, SR-enhanced images allow for clearer
delineation of building boundaries and enable the
detection of previously missed structures.

Reconstruction Part
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_______________________________________________________________________________________________________________________________________ Quantitative Evaluation: !
Fig.3. The Reconstruction Part of RFA-PVTInvoNet Evaluation metrics consistently improve from LR to E
. . : : SR to HR inputs, confirming that increased image r
* The Involution Module (Fig.4): Collect feature information through the resolution enhances building detection '
channels. e performance across all
g Ground Truth
@ - KXKXC — 1x1XC Fig.6. Building Detection Results on MAS Building Dataset (Unet-20 epoch) 2
N r@ : E/ Table 1. Quantitative Evaluation of Selected Typical SISR Models
ok & (Tested on the WHU Building Dataset, the MAS Building Dataset and the WAT Building Dataset)
: - Average Accuracy loU mloU Precision  Recall  F1 Score
H V 4 ' f—@—»@ LR 0.82 0.35 0.60 0.71 0.42 0.51
= Y g SR 0.87 0.38 0.62 0.76 0.45 0.54
P — - VA / 7‘4 py : | HR 0.88 0.42 0.64 0.80 0.47 0.58
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-+ i 5 CONCLUSIONS
: E : : 1. High-Quality Image Enhancement:
. " ; L A & The proposed RFA-PVTInvoNet achieves superior performance in image super-resolution,
P — 7B o 8 e outperforming traditional SR methods in visual evaluation and quantitative evaluation.
' KXKXC X1X
IX1XC  1X1xK* KXK 2. Improved Performances on Building Detection:
&:Multiplication broadcast across C channels —p— :Summation aggregated within the KXK spatial neighborhood The enhanced SR OUTpUTS irom RFEA-FVTInvoNet lead fo more accurate and VISUO”y

reliable building detection results, demonstrating its effectiveness in downstream remote
Fig.4. Architecture of the Involution Module I, sensing tasks.
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