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Abstract

This supplementary material is organized as follows:
• Section 1 details an extended analysis of current state-of-

the-art datasets;
• Section 2 shows more illustrative examples of StreetView-

Waste for the three main tasks: waste container detection,
waste container tracking, and waste overflow segmenta-
tion;

• Section 3 provides additional dataset statistics, including
per-class spatial distributions of container centers and
camera intrinsics/distortion parameters;

• Section 4 provides additional results, in this case, abla-
tion studies for our geometry-aware strategy on the waste
overflow segmentation task;

• Section 5 shows more experimental results regarding the
waste container tracking and counting task;

• Section 6 analyzes model complexity for the waste seg-
mentation task, including speed–accuracy trade-offs,
GFLOPs, VRAM, and latency.

1. State-Of-The-Art Datasets Analysis
To contextualize our contribution, Table 1 provides a
comprehensive comparison between StreetView-Waste and
other prominent public datasets for waste analysis. Our
dataset is unique in its combination of large scale (over
36,000 images), a focus on the challenging street-level fish-
eye perspective common in municipal vehicles, and multi-
task annotations that explicitly support detection, instance
segmentation, and, crucially, multi-object tracking. While
many datasets exist for waste classification or detection in
controlled or underwater environments, StreetView-Waste
is the first to provide a dedicated benchmark for the opera-
tional challenges of urban waste logistics.

2. Dataset Examples
To highlight the diversity and difficulty of our dataset, Fig-
ure 2 presents a selection of challenging examples for each

of our three main tasks. These images go beyond the intro-
ductory examples in the main paper to highlight the specific
difficulties that models must overcome in this real-world ve-
hicular context.

The provided examples highlight the need for models
that are robust to a wide range of lighting conditions and
scales. The presence of frequent, partial occlusions from
other vehicles is a constant challenge that requires models
to recognize objects from incomplete visual information.
Furthermore, the sequence demonstrates that this is not a
simple linear motion problem. StreetView-Waste has sce-
narios with a significant appearance-change problem, which
can confuse trackers that rely heavily on visual similarity.
This validates our choice to benchmark with a motion-first
tracker like ByteTrack [28]. Regarding waste overflow seg-
mentation, these images show why this is a particularly dif-
ficult task. Unlike typical instance segmentation tasks with
well-defined objects (e.g., cars, people), overflowing litter
is often amorphous, lacks clear boundaries, and can blend
seamlessly with complex urban textures like asphalt, grass,
and concrete. This motivates our exploration of geometric
priors to provide additional cues for separating foreground
litter from the background plane.

3. Dataset Additional Statistics

Figure 1 depicts the per-class spatial distribution of con-
tainer centers in order to help identify potential (unin-
tended) biases and better understand the challenges of our
dataset. Across classes, centers concentrate in a vertical
band on the roadside half of the image, with a slight upward
bias in the y-axis (consistent with flank-mounted cameras
and curved fisheye projection). Classes with smaller phys-
ical size (e.g., Battery Container) show wider dispersion
and higher vertical placement. In contrast, large street bins
(e.g., Default/Blue/Green/Yellow) occupy a tighter band
with larger areas in the y-axis than in the x-axis. Biodegrad-
able exhibits the narrowest spread, indicating fewer view-
points or more constrained placement. These patterns con-
firm that StreetView-Waste captures realistic operational



Table 1. Comparative analysis of public waste datasets. Our work, StreetView-Waste, fills a critical gap by providing a large-scale,
multi-task benchmark specifically for the urban street-level context from a vehicular perspective.

Name Classes #Images Task Context

TrashCan 1.0 [13] 4 7,212 Detection, Segmentation Underwater

Trash-ICRA19 [8] 3 5,700 Detection Underwater

TACO [20] 60 1,500 Segmentation Waste in the Wild

UAVVaste [16] 1 772 Segmentation Aerial-View of Abandoned Waste

Trashnet [27] 6 2,527 Classification Controlled Scenario

WaDaBa [5] 3 4,000 Detection Controlled Scenario of Plastic Waste

GLASSENSE-VISION [24] 7 2,000 Classification Indoor

Waste Classification Data v2 [21] 3 27,500 Classification Kaggle/Mixed Waste

Waste Images from Sushi Restaurant [2] 16 500 Classification Indoor/Restaurant

Open litter map [18] 11 >100,000 Classification Crowdsourced/GPS-tagged

Drinking Waste Classification 4 9,640 Detection Controlled-Scenario of Drinking Waste

spotgarbage [19] 1 2,400 Classification Public spaces

DeepSeaWaste [10] 5 3,055 Classification Underwater Waste

MJU-Waste v1.0 [25] 1 2,475 Segmentation Indoor

Domestic Trash Dataset 10 >9,000 Classification Waste in the Wild

Cigarette butt dataset [14] 1 2,200 Detection, Segmentation Cigarette butt in the Wild

TrashBox [17] 7 17,785 Detection Controlled Scenario

PortlandStateSingh RECYCLE [22] 5 11,500 Classification Controlled Scenario

TIDY [9] 9 304 Classification Waste in the Wild

Garbage Dataset (V2) 10 19,762 Classification Web Controlled-Scenario

RealWaste [23] 9 4,752 Classification Public spaces

BePLi Dataset v1 [12] 1 3,709 Detection, Segmentation Controlled-Scenario

Zerowaste [4] 4 4,503 Detection Industrial-Grade Waste

LOTS [3] 1 3,572 Segmentation Waste on the Sand

StreetView-Waste (Ours) 8 36,478 Detection, Segmentation, Tracking Urban Street Level

geometry rather than a uniform image-plane prior, high-
lighting its scientific value.
Camera intrinsics and distortion (per flank camera).
Here, we present in Table 2 the camera intrinsic and dis-
tortion parameters. Note: Kα=0 and Kα=1 correspond to
OpenCV fisheye undistortion with α=0 (tighter crop) and
α=1 (full FOV).

4. Ablation Studies for Waste Segmentation
Task

We conduct ablation studies focusing on one of the most
challenging tasks, the waste overflow segmentation, to in-
vestigate the impact of surface normals and depth maps
on the performance of our method. These results provide
insight into how different model architectures utilize this
information. For clarity, we present the results alongside
the baseline performance (RGB only) and the full method

Table 2. Camera intrinsics and fisheye distortion parameters.

Intrinsics (fx, fy, cx, cy)

Matrix fx fy cx cy

K 683.74 683.53 1007.45 529.18
Kα=0 719.71 719.49 959.50 539.50
Kα=1 352.28 352.17 959.50 539.50

Fisheye distortion (k1, k2, k3, k4)

k1 k2 k3 k4

Coefficients −0.03631 −0.00908 +0.00734 −0.00272

(RGB + Depth + Normals) in Table 3.

From Table 3, we draw two key conclusions. On the
one hand, surface normals are the more valuable cue: For
nearly every model, adding only surface normals yields a



Figure 1. Per-class spatial distribution of container centers.
Each panel shows the normalized center (xn, yn) for all instances
of a class in StreetView-Waste. The rectangles are the interquartile
range (IQR) along each axis. The concentration in a curb-side
vertical band and the class-dependent spread (e.g., tighter for large
bins, wider for small containers) reflect the flank-mounted fisheye
setup and real curb-side placement.

Table 3. Ablation study for geometric priors on the waste over-
flow segmentation task (mAP@0.5). This table isolates the im-
pact of adding only depth versus only surface normals. Surface
normals provide a stronger performance boost than depth alone.

Model RGB RGB+Depth RGB+Normals RGB+Depth+Normals

YOLOv11 [15] 0.50±0.01 0.53±0.01 0.54±0.01 0.52±0.01
YOLACT [6] 0.41±0.02 0.50±0.02 0.56±0.01 0.52±0.02

Mask2Former [7] 0.18±0.02 0.14±0.02 0.23±0.03 0.29±0.02

Mask R-CNN [11] 0.41±0.02 0.12±0.01 0.28±0.01 0.12±0.01
SOLOv2 [26] 0.20±0.03 0.07±0.01 0.15±0.02 0.07±0.01

greater performance benefit than adding only depth. This
suggests that the local orientation information provided by
normals is more effective at distinguishing amorphous lit-
ter from its surroundings than the raw distance information
from the depth map. On the other hand, depth can be detri-
mental, for complex architectures like Mask R-CNN [11]
and SOLOv2 [26], adding depth information results in a
performance drop compared to both the RGB-only base-
line and the normals-only version. This reinforces the hy-
pothesis from the main paper that the estimated depth map
may introduce noise that disrupts the pre-trained features
of these models, whereas transformer-based models like
Mask2Former [7] are better equipped to attend to useful in-
formation across different modalities selectively.

5. Waste Container Tracking and Counting
To further analyze the impact of our tracking heuristics,
Tables 4 and 5 present a per-class breakdown of counting
performance. The results show that the heuristics provide
significant improvements for common, frequently occluded
classes, such as green and blue containers. Notably, for the
default container using ByteTrack [28], the complete set of
heuristics (H1+H2+H3) performs better than the intermedi-
ate step (H1+H2), demonstrating that the spatial constraint
(H3) is crucial for preventing incorrect merges of visually
similar containers. This nuanced view confirms that a com-
bination of temporal and spatial constraints is helpful for
robust counting across diverse scenarios.

Table 4. Per-class counting performance with added heuristics
using ByteTrack [28]. Applying heuristics incrementally leads to
notable improvements across most container classes.

Class Heuristic MAE↓ SAD↓ RMSE↓ MAPE↓

Yellow Container

Baseline 0.43 9 0.95 88.89%
H1 0.19 4 0.53 33.33%

H1 + H2 0.05 1 0.22 11.11%
H1 + H2 + H3 0.05 1 0.22 11.11%

Green Container

Baseline 1.05 22 3.35 244.44%
H1 0.14 3 0.38 33.33%

H1 + H2 0.10 2 0.31 22.22%
H1 + H2 + H3 0.14 3 0.38 33.33%

Default Container

Baseline 0.48 10 0.93 30.56%
H1 0.24 5 0.65 16.67%

H1 + H2 0.33 7 0.65 22.22%
H1 + H2 + H3 0.24 5 0.58 17.36%

Blue Container

Baseline 1.14 24 3.19 250.00%
H1 0.24 5 0.58 44.44%

H1 + H2 0.10 2 0.31 16.67%
H1 + H2 + H3 0.10 2 0.31 22.22%

Oil Container

Baseline 0.05 1 0.22 33.33%
H1 0.05 1 0.22 33.33%

H1 + H2 0.05 1 0.22 33.33%
H1 + H2 + H3 0.05 1 0.22 33.33%

Battery Container

Baseline 0.19 4 0.44 66.67%
H1 0.14 3 0.38 50.00%

H1 + H2 0.14 3 0.38 50.00%
H1 + H2 + H3 0.14 3 0.38 50.00%

Biodegradable Container

Baseline 0.14 3 0.49 100.00%
H1 0.05 1 0.22 100.00%

H1 + H2 0.00 0 0.00 0.00%
H1 + H2 + H3 0.00 0 0.00 0.00%

Overall

Baseline 3.48 73 7.80 82.96%
H1 1.05 22 1.93 24.96%

H1 + H2 0.76 16 1.75 17.77%
H1 + H2 + H3 0.71 15 1.70 16.03%

6. Model Complexity for the Waste Segmenta-
tion Task

Figure 3 summarizes the speed–accuracy trade-off, Table 6
reports parameter count, theoretical compute (GFLOPs),
and peak inference memory, and Figure 4 shows per-model
latency. The values are measured and rounded to two deci-
mals; in some cases, differences across channels are below



Figure 2. Additional examples from the StreetView-Waste dataset. (First Column) Waste container detection examples showing vari-
ations in lighting, container type, and partial occlusion by street elements. (Middle Column) A sequence for waste container tracking,
illustrating how a container’s appearance changes due to the vehicle’s motion. (Last Column) Examples for waste overflow segmentation,
highlighting the challenge of delineating amorphous litter from complex backgrounds.



Table 5. Per-class counting performance with added heuristics
using BoT-SORT [1]. Applying heuristics incrementally leads to
notable improvements across most container classes.

Class Heuristic MAE↓ SAD↓ RMSE↓ MAPE↓

Yellow Container

Baseline 1.43 30 2.58 288.89%
H1 0.29 6 0.69 50.00%

H1 + H2 0.14 3 0.49 22.22%
H1 + H2 + H3 0.14 3 0.49 22.22%

Green Container

Baseline 1.62 34 3.07 366.67%
H1 0.14 3 0.38 22.22%

H1 + H2 0.10 2 0.31 11.11%
H1 + H2 + H3 0.14 3 0.38 22.22%

Default Container

Baseline 1.62 34 2.79 136.81%
H1 0.29 6 0.69 19.44%

H1 + H2 0.24 5 0.58 17.36%
H1 + H2 + H3 0.24 5 0.58 17.36%

Blue Container

Baseline 1.10 23 2.44 233.33%
H1 0.19 4 0.44 38.89%

H1 + H2 0.05 1 0.22 11.11%
H1 + H2 + H3 0.10 2 0.31 22.22%

Oil Container

Baseline 0.05 1 0.22 33.33%
H1 0.05 1 0.22 33.33%

H1 + H2 0.05 1 0.22 33.33%
H1 + H2 + H3 0.05 1 0.22 33.33%

Battery Container

Baseline 0.38 8 0.87 133.33%
H1 0.14 3 0.38 50.00%

H1 + H2 0.14 3 0.38 50.00%
H1 + H2 + H3 0.14 3 0.38 50.00%

Biodegradable Container

Baseline 0.19 4 0.69 100.00%
H1 0.10 2 0.31 100.00%

H1 + H2 0.10 2 0.31 100.00%
H1 + H2 + H3 0.10 2 0.31 100.00%

Overall

Baseline 6.43 135 9.60 187.61%
H1 1.19 25 1.91 27.19%

H1 + H2 0.81 17 1.36 16.03%
H1 + H2 + H3 0.90 19 1.79 17.96%

0.1, making them appear constant in the table. From Fig-
ure 3, the most accurate setting is YOLACT [6] with seven
channels, followed by YOLOv11seg [15]. Thus, making
them the highest-accuracy/highest-throughput models when
compared to models with more complex architectures.

Regarding the cost of adding channels, Table 6 shows
that GFLOPs rise only slightly with channel count. Latency
overhead, however, depends on the architecture (Figure 4):
it is modest for YOLOv11seg [15] and YOLACT [6], but
substantial for SOLOv2 [26] and two-stage/transformer
models.

Figure 3. Model performance comparison (Speed vs. Accu-
racy). It is observed the trade-off between inference speed (frames
per second) and accuracy (mAP@0.5) across different segmen-
tation models (YOLOv11seg [15], YOLACT [6], SOLOv2 [26],
Mask R-CNN [11], and Mask2Former [7]) under both standard
and 7-channel input conditions.

Figure 4. Model inference time comparison. The average infer-
ence times (in milliseconds) of the same models under standard
and 7-channel input types are compared, highlighting the compu-
tational overhead introduced by additional channels.



Table 6. Model complexity across input channels. Computed at
640×640, batch size = 1. VRAM is peak usage during inference.

Model Complexity @ 640×640 (Batch=1)

Model Channels Params (M) GFLOPs VRAM (MB)

YOLOv11 [15]

3 27.59 141.90 275.81
4 27.59 142.00 278.37
6 27.59 142.20 282.50
7 27.59 142.40 283.07

Mask R-CNN [11]

3 43.92 207.27 1730.56
4 43.92 220.93 3102.72†

6 43.93 207.64 1515.52
7 43.93 209.48 1802.56

SOLOv2 [26]

3 46.23 222.00 395.00
4 46.23 222.00 342.00
6 46.24 222.00 447.00
7 46.24 222.00 447.00

YOLACT [6]

3 30.60 148.25 212.97
4 30.60 148.89 214.55
6 30.61 150.18 217.70
7 30.61 150.82 219.27

Mask2Former [7]

3 47.37 119.99 1423.00
4 47.37 120.04 1424.00
6 47.37 120.13 1425.00
7 47.37 120.18 1426.00

†4-channel Mask R-CNN shows an unusually high peak VRAM (3.03 GB

= 3102.72 MB).
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