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Transformer-Based Networks for Efficient Vectorization:
A Case Study of Building Rooftop Extraction
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1. Introduction

convolution

Accurate extraction of building rooftops from high-resolution imagery i1s
important for urban planning, disaster response, and digital twins.

Most CNNs produce raster masks that demand costly post-processing to become
GIS-ready vectors. In this work, we compare two complementary architectures:
* A novel EU-TransInvolution model for global context and adaptive

* A streamlined ConvNeXt-UNet for efficient local feature refinement.
We apply an end-to-end raster-to-vector pipeline (contour detection + Douglas—
Peucker) to produce vector footprint quality.

2. Dataset

Fig 1.]

Our study utilizes the Waterloo Building Dataset from Waterloo, Ontario, Canada,
offering very- hlgh resolution aerial 1 lmagery of 205.8 km? at 0.12 m spatial resolution in

Fig. 1. Waterloo Building Dataset
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* Tailored to analyze features within each band
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during operations, with each group -calculated Transformer is powerful to grabs
separately. global information.
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Fig. 5. ConvNeXt U-Net
Each block 1n the ConvNeXt encoder follows this pattern:

*Depthwise 7x7 Convolution (groups=dim):
*Because 1t’s “depthwise,” each channel 1s
convolved independently, greatly reducing
parameters and FLOPs.

Layer Scale (y parameter):
Effectively “turning off” new residual branches
at the start of training, gradually injecting richer
residual updates.

DropPath (Stochastic Depth) in ConvNeXtBlock applies a per-block drop probability during
training to randomly disable the entire residual branch.
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4. Vectorization

The conversion typically involves:
1.Contour Detection — Binary building masks are analyzed using edge tracing
algorithms to extract continuous boundaries around connected pixel regions.

2.Polygon Simplification — The resulting raw contours may contain redundant or noisy
points.

To reduce complexity while preserving shape fidelity, the Douglas—Peucker (DP)
algorithm 1s applied. This removes intermediate points 1n a curve that are within a
tolerance (¢) of a straight-line segment connecting endpoints.

S. Experiment Results
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Tab 1 Experiments Resulits Fig. 7. Model Comparlson Radar Chart
(%) OA IOU Prec Reca" o Trans-Involution (Vector)
FCN-8s 771 250 261 855  40.0 —
U-Net 86.7 37.3 39.2 88.4 54.3
Deeplab v3+ 97.3 72.7 88.6 80.3 84.2 " o
Fast SCNN 77.3 23.0 24.8 76.1 37.4
HRNet v2 97.8 76.6 92.5 81.7 86.8
Mask R-CNN (ESRI) 96.6 64.6 89.2 70.1 78.5
Mask R-CNN 95.3 59.4 71.7 77.5 74.5
E-Unet 97.3 80.3 90.6 87.6 89.1
Trans-Involution 97.7 81.2 92.9 87.0 89.8 Tab 2 Model Complexity Comparison
i, i Model Parameters (M) | FLOPs (GMac)
Trans-Involution 97.7 753 970 771 859
(Vector) Trans-Involution | 42.03 192.7
ConvNext Unet 98.8 86.6 96.8 89.2 92.8 ConvNeXt-U 59,80 100 58
ConvNext Unet(Vector) 98.7 86.0 97.6 87.9 92.5

* ConvNeXt-U-Net consistently outperformed EU-TransInvolution with +5.4 points in
mask IoU and +3 points in F1 shown in Tab 1.

* Although ConvNeXt-U-Net has 30% less parameters and FLOPs, it delivers
significantly better performance than EU-TransInvolution show in Tab 2.

* Translnvolution remains competitive in capturing global context in figure6.

ConvNeXt-U-Net has minimal degradation in vectorization accuracy.

6. Conclusion

While hybrid models offer excellent global feature reasoning, a well-tuned
modern convolutional backbone like ConvNeXt can surpass them in both pixel-
and vector-level accuracy with lower complexity.

The fully convolutional design promotes faster and more stable
convergence due to strong local inductive biases with coherence.

Moving forward, we aim to explore dynamic hybrid architectures that
adaptively blend ConvNeXt's local feature specialization with Transformer-
Involution’s global reasoning
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