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Introduction Dataset

Recent advances in computer vision and the growing avail- » Mapillary Vistas Dataset [4]

ability of large-scale street-level imagery have opened new > Large-scale: 25K high-resolution worldwide street-level | |
opportunities for understanding urban environments. To ex- » Diverse: across diverse conditions (weather, season, and time of day), devices (mobile phones,
' action cameras, tablets, and professional rigs), and photographers of varying experience.

plore th's interdisciplinary frontier, we focus on instance seg- » Rich annotated: 124 object categories and 72 instance-specific classes
mentation for urban streetscapes.
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successfully integrated a frozen DINOv3- .
ViT with a trainable Mask2Former head. "

» Evaluation methods mean Ltotal _ 2['CIS + 5['mask + 5£dice
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« Custom Multi-Scale Adapter: Conv blocks,
SE modules, and Cross-scale fusion.

. Tailored Data Pre-processing.

. Differential Learning Rates.
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where Lqs denotes the classification
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S . NG Decoser Intersection over Union (mloU), _
Fiqure 1: Proposed instanoe segmentaton aneotne, and Precision-Recall (PR) Curves. 1958 Lmask the binary mask loss, and
, , : . Lgice the dice coefficient loss.
We proposed an architecture that integrates three state-of- » Trained for 7 epochs with an o
the-art components: DINOv3-ViT[5], ViT Adapter[1], and effective training batch size of 16.
Mask2Former|2]. » Optimizer: AdamW.
» Backbone: We replaced the standard backbone in » Scheduler: Cosine with warmup. o
Mask2Former with a DINOv3 ViT-S+16, and kept it FROZEN. » Current best result: mloU = 0.47; E
» Neck: We implemented a multi-scale ViT Adapter. MAP a1 = 0.002, MAP egium = MR AT AR Ay A A
» Head: We trained the Mask2Former head. 0.0045, mAP 3¢ = 0.298.

» Other: We implemented the data pre-processing and the final o maw w0 w ok ax w
mask generation logic.

Figure 6: Train loss curve.

PR curves per class:

Theoretical background

> DINOV3 pretrained ViT mOdeI (Backbone): Performed as a Y 02 04 06 08 o %% 02 04 06 08 10 %5 02 04 06 08 20 %% 02 04 06 08 10

universal and high-quality feature extractor and frozen to - o e

reduce the trainable parameter count for downstream blocks. - - R -
» ViT Adapter (Neck): Functioned as a multi-scale feature

converter to bridge the non-hierarchical output of the ViT

backbone to the multi-scale feature pyramid.
» Mask2Former (Head): T

Transformer Figure 7: Per class (selected classes) Precision-Recall curves.
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A few examples:

efficient segmentation
paradigm to fully utilize
DINOv3’s superior dense
features.

The architectures of the main

components are presented as
follows.

Chosen as a universal and E Decoder

DINOw3
pretrained
ViT backbone
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Figure 2: Mask2Former (reproduced from [2]). (a) Urban street (commercial). (b) Highway (overpass scene). (c) Mixed-use street (residential).  (d) Suburban (underpass scene).

Figure 8: Examples of instance segmentation results from the current model.
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The model achieves strong performance on frequent and large objects but reduced
P oy ——> i 2] 2l ] (o] ] 7] el accuracy on small or rare classes. Future improvements include longer training

and increasing samples for underrepresented classes.
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Stage 1: Base Pre-training Stage 2: Refinement (Gram Anchoring) Stage 3: High-Resolution Adaptation
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Figure 4: DINOv3 (adapted from [5]).
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