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Abstract

Small, amorphous waste objects such as biological drop-
pings and microtrash can be difficult to see, especially in
cluttered scenes, yet they matter for environmental cleanli-
ness, public health, and autonomous cleanup. We introduce
“ScatSpotter”: a new dataset of phone images annotated with
polygons around dog feces, collected to train and study ob-
Jject detection and segmentation systems for small potentially
camouflaged outdoor waste. We gathered data in mostly
urban environments, using a “before/after/negative” (BAN)
protocol: for a given location, we capture an image with
the object present, an image from the same viewpoint after
removal, and a nearby negative scene that often contains
visually similar confusers.

Image collection began in late 2020. This paper focuses
on two dataset checkpoints from 2025 and 2024. The dataset
contains over 9000 full-resolution images and 6000 polygon
annotations. Of the author-captured images we held out
691 for validation and used the rest to train. Via community
participation we obtained a 121-image test set that, while
small, is independent from author-collected images and pro-
vides some generalization confidence across photographers,
devices, and locations. Due to its limited size, we report both
validation and test results.

We explore the difficulty of the dataset using off-the-shelf
VIT, MaskRCNN, YOLO-v9, and DINO-v2 models. Zero-
shot DINO performs poorly, indicating limited foundational-
model coverage of this category. Tuned DINO is the best
model with a box-level average precision of 0.69 on a 691-
image validation set and 0.70 on the test set. These results
establish strong baselines and quantify the remaining diffi-
culty of detecting small, camouflaged waste objects.

To support open access to models and data (CC-BY 4.0
license), we compare centralized and decentralized distribu-
tion mechanisms and discuss trade-offs for sharing scientific
data. Code for experiments and project details are hosted
on GitHub.
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scene cluttered with leaves. The similarity between the leaves and the poop
causes a camouflage effect that can make detecting it difficult. The poop is
highlighted in blue, but in the original image is difficult to distinguish.
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(b) The “before/after/negative” protocol. The orange box highlights the
location of the poop in the “before” image. In the “after” image, it is the same
scene and viewpoint but the poop has been removed. The “negative” image is
a nearby similar scene, potentially with a distractor. Note that the object is
small relative to the image size.

Figure 1. (a) A challenging annotation case due to clutter and
camouflage. (b) An image triplet from the BAN protocol.

1. Introduction

Autonomous and Al-assisted waste monitoring is increas-
ingly achievable with modern object detection and segmenta-
tion methods [35, 49, 51, 57] combined with large annotated
datasets. Substantial progress has been made in detecting
large or conspicuous objects, especially those well repre-
sented in foundational training corpora. However, small and
irregular waste objects — such as biological droppings or
microtrash — are underrepresented in existing datasets and


https://github.com/Erotemic/scatspotter/blob/31f497e2586f0d1560b9bbd65415f9bd36a07585
https://github.com/Erotemic/scatspotter/blob/31f497e2586f0d1560b9bbd65415f9bd36a07585

Image Annot Disk Annot
Name #Cats #Images #Annots W x H Areal-> Size Type
ImageNet[48] 1,000 594,546 695,776 500 x 374 239  166GB  box
MSCOCOI[33] 80 123,287 896,782 428 x 640 57 50GB  polygon
CityScapes[12] 40 5,000 287,465 2,048 x 1,024 50 78GB  polygon
ZeroWaste [3] 4 4,503 26,766 1,920 x 1,080 200 10GB  polygon
TrashCanV1[25] 22 7,212 12,128 480 x 270 54 0.61GB polygon
UAV Vaste[29] 1 772 3,718 3,840 x 2,160 55 29GB polygon
SpotGarbage[41] 1 2,512 337 754 x 754 355 1.5GB category
TACOI[46] 60 1,500 4,784 2,448 x 3,264 119 17GB  polygon
MSHIT[39] 2 769 2,348 960 x 540 99 4GB  box
Ours 1 9,296 6,594 4,032 x 3,024 87 60GB  polygon

Table 1. Related datasets. Columns list dataset name, number of categories, images, and annotations. Image W x H gives median image
dimensions; Ann Area®-® is the median square root of annotation area (pixels); Size is disk requirements in GB; Annot Type is the labeling
method. Figure 2 shows the distribution of annotation shapes, sizes, and locations.
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Figure 2. A comparison of all of the annotations for different datasets including ours. All polygon annotations drawn in a single plot with
0.8 opacity to demonstrate the distribution in annotation location, shape, and size with respect to image coordinates.

remain difficult to detect. These objects — such as the exam-
ple illustrated in Figure 1a — are often low contrast, variable
in appearance, and confusable with natural clutter, making
them challenging for both humans and vision systems.

To address this gap we introduce a new dataset which,
in formal settings, we call “ScatSpotter”. Our dataset con-
tains high-resolution images of dog poop in most of which
are from urban, outdoor environments in a single city. The
dataset exhibits variation in appearance, season, lighting,
and background clutter despite biases toward the author’s
dogs and geographic region. Poops are annotated with poly-
gons, making the dataset suitable for both detection and
segmentation models. To assist with annotation and pro-
vide counterfactual examples we collect images using a “be-
fore/after/negative” (BAN) protocol as shown in Figure 1b.

One motivating use case, which originally inspired this
work, is a phone application that assists dog owners in lo-
cating their dog’s poop in a leafy park for easier cleanup.
Other applications include automated waste disposal to keep
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sidewalks, parks, and backyards clean, tools for monitoring
wildlife populations via droppings, and warning systems
in smart glasses to prevent people from stepping in poop.
Although we focus on a single class, dog poop provides an
accessible prototypical example for the broader problem of
detecting small, amorphous, and often camouflaged waste
in outdoor environments — a challenge in common with
tasks such as litter detection, microtrash identification, and
wildlife monitoring. The visual difficulty of the domain,
rather than the specific species, is the focus of this work.

Beyond the dataset itself, we are also interested in how
large datasets can be shared efficiently and robustly. Central-
ized methods such as Girder [42] and HuggingFace Datasets
[32] are a typical choice, offering high speeds, but they can
be costly for individuals, often requiring institutional sup-
port or paid hosting services. They are also prone to outages
and lack built-in data validation. In contrast, decentralized
methods allow volunteers to host data and offers built-in
validation of data integrity. This motivates us to compare



Figure 3. Example images from 2D UMAP clusters [38]. Each point in the top image represents a 2D-projected embedding, with numbered
orange dots indicating nearby images in the bottom columns. Blue annotation boxes are shown. A clear separation emerges between snowy
(columns 1-2) and non-snowy images (columns 3-13).

and contrast BitTorrent [8], and IPFS [4] as mechanisms for
distributing datasets.

Our contributions are: 1) A challenging new open dataset
of images with polygon annotations for small, camouflaged
waste objects (using dog poop as a case study). 2) A set of
trained baseline models. 3) A comparison of dataset distri-
bution methods. Together, these contributions are intended
to support future work on small-object waste detection, smart
waste monitoring, and environmentally focused computer
vision applications. For FA.Q., see Appendix A.

2. Related Work

To the best of our knowledge, our dataset is currently the
largest publicly available collection of annotated dog poop
images, but it is not the first. A dataset of 100 dog poop
images was collected and used to train a FasterRCNN model
[43] but this dataset and model are not publicly available.
The company iRobot has a dataset of annotated indoor poop
images used to train Roomba j7+ to avoid collisions [21],
but as far as we are aware, this is not available. In terms
of available poop detection datasets we are only aware of
MSHIT [39] which is much smaller, only contains box an-
notations, and the objects of interest are plastic toy poops.
Compared to benchmark object localization and segmen-
tation datasets [12, 33, 48] ours is much smaller and focused
only on a single category. However, when compared to litter
and trash datasets [3, 25, 29, 41, 46] ours is among the largest
in terms of number of images / annotations, image size, and
total dataset size. ZeroWaste [3] uses a “before/after” proto-
col similar to our BAN protocol. We provide an overview of
these related datasets in Table 1. Among all of these, ours
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stands out for having the highest resolution images and the
smallest objects relative to that resolution. For a review of
additional waste related datasets, refer to [40].

Section 5 discusses the logistics and tradeoffs between
dataset distribution mechanisms with a focus on comparing
centralized and decentralized methods. IPFS [4] and BitTor-
rent [8] are the decentralized mechanisms we evaluate, but
others exist such as Secure Scuttlebut [53] and Hypercore
[17], which we did not test.

3. Dataset

Our first contribution is the creation of a new open dataset
which consists of images of dog poop in mostly urban,
mostly outdoor environments, from mostly a single city.
The data is annotated to support object detection and seg-
mentation tasks. The majority of the images feature fresh
poop from three specific medium sized dogs, but there are
a significant number of images with poops of unknown age
and from unknown dogs.

Despite these biases, the dataset has significant image
variations. To provide a gist, we computed UMAP [38]
embeddings using ResNet50 [22] descriptors, and display
images corresponding with clusters in Figure 3.

More details about the dataset are available in a standard-
ized datasheet [18] that covers the motivation, composition,
collection, preprocessing, uses, distribution, and mainte-
nance. This is distributed with the data itself.

3.1. Dataset Collection

A single researcher on dog walks photographed fresh dog
poop, mostly their own dogs, but often others. Distance



was varied for diversity. Most images were taken following
the “before/after/negative” (BAN) protocol. A BAN triple
comprises a “before” shot of the poop, an “after” shot post
removal, and a “negative” shot of a nearby lookalike (e.g.,
pine cones, leaves). We only use them for negative sampling,
but they could enable contrastive triplet losses [50].

The majority of images follow the BAN protocol, but
there are exceptions. The first six months of data collection
only involved the “before/after” part of the protocol. We
began collecting the third negative image after a colleague
suggested it. In some cases, the researcher failed or was
unable to take the second or third image. These exceptions
are often programmatically identifiable.

We also received 121 contributor images, mostly outside
the BAN protocol, which we use as a test set. Due to the
small size, our main results also include validation scores.

3.2. Dataset Annotation

Images were annotated using labelme [27]. Most annotations
were initialized using SAM and a point prompt. All Al
polygons were manually reviewed. In most cases only small
manual adjustments were needed, but there were a significant
number of cases where SAM did not work well and fully
manual annotations were needed. Regions with shadows
seemed to cause SAM the most trouble, but there were other
failure cases. Unfortunately, there is no metadata to indicate
which polygons were manually created or done using Al.
However, the number of vertices may be a reasonable proxy
to estimate this, as polygons generated by SAM tend to have
higher fidelity boundaries. The boundaries of the annotated
polygons are illustrated in Figure 2.

Data collected after 2024-07-03 was annotated with the
help of models trained on prior data. Again, all predictions
were manually verified or corrected. In these later cases,
false positive annotations were labeled (e.g. stick, leaf), but
because these categories are not labeled exhaustively, we
exclude them from all analysis in this paper.

3.3. Dataset Properties and Statistics

The data was captured at a regular rate over 4.3 years, pri-
marily in parks and sidewalks within a small city. Weather
conditions varied across snowy, sunny, rainy, and foggy. A
visual representation of the distribution of seasons, time-of-
day, daylight, and capture rate is provided in Figure 4a.

The dataset is available in full resolution. Almost all
images were taken using the same phone-camera, with a
consistent size of 4,032 x 3,024 (up to EXIF rotation). The
images are stored as 8-bit JPEGs with RGB channels, and
most include overviews (i.e., image pyramids), allowing for
fast loading of downscaled versions.

Due to the BAN protocol, about one-third of the images
contain annotations, the rest were taken after the object(s)
were removed. Consequently, most images have no annota-
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Figure 4. Dataset distributions. (a) Time and daylight scatterplot.
(b) Annotation count histogram.

tions. When present, annotations are typically singular, but
multiple are common due to: 1) fragmented droppings, 2)
dogs pooping together, 3) repeated poops in the same area
over time (sometimes hard to distinguish from dirt). The
number of annotations per image is given in Figure 4b.

3.4. Dataset Splits

Our dataset is split into training, validation, and test sets
based on the year and day of image capture and photographer.
Only data captured by the authors is used for training and
validation. Of these, images from 2021-2023, 2025 and
beyond are assigned to the training set. Images from 2020
are used for validation. For data from 2024, we consider the



ordinal date n of each image and include it in the validation
setif n = 0 (mod 3); otherwise, it is assigned to training.

For testing data, we use contributor images to not bias
our results based on the way the authors took images. These
splits are provided in the COCO JSON format [33] as well
as a WebDataset [54] on HuggingFace.

4. Baseline Models

As our second contribution, we trained and evaluated models
to establish a baseline for future comparisons. Specifically
we train 7 model variants. We trained a semantic segmenta-
tion vision transformer variant (VIT-sseg-s) [13, 20], which
was only trained from scratch. We trained two MaskRCNN
[23] models (specifically the R_50_FPN_ 3x configuration),
one starting from pretrained ImageNet weights (MaskRCNN-
p), and one starting from scratch (MaskRCNN-s). Similarly
we trained YOLO-v9 [56] both from scratch and using pre-
trained ImageNet weights. Lastly, we evaluated the foun-
dational Grounding DINO [35] model. In the zero-shot
setting we used IDEA-Research/grounding-dino-
t iny using the prompt: "animalfeces". Finally, we fine-tune
evaluate the same DINO model using [58].

The number of parameters for MaskRCNN, VIT, Ground-
ingDINO, and YOLO are 44M, 26M, 172M, and 51M. Hy-
perparameters are given in Appendix D.

For these baseline models, the training data was limited
to an older subset taken before 2024-07-03. Our training
dataset consists of 5,747 images and is identified by a suf-
fix of 1e73d54 £, which is the prefix of its content hash.
The validation set contains 691 images and has a suffix of
99b22ad0. The test set, consists of the 121 images, has a
suffix of 6cb3b6ff, and includes contributor images up to
2025-04-20. The evaluated models were selected based on
their Box-AP validation scores.

The primary detection “Box” evaluation computes stan-
dard COCO object detection metrics [33]. MaskRCNN,
GroundingDINO, and YOLO-v9 natively output scored
bounding boxes, but for the VIT-sseg model, we convert
heatmaps into boxes by thresholding the probability maps
and taking the extend of the resulting polygons as bounding
boxes. The score is taken as the average heatmap response
under the polygon. Bounding box evaluation has the advan-
tage that small and large annotations contribute equally to
the score, but it can also be misleading for datasets where
the notion of an object instance can be ambiguous.

To complement the box evaluation, we performed a pix-
elwise evaluation, which is more sensitive to the details of
the segmented masks, but also can be biased towards larger
annotations with more pixels. The corresponding truth and
predicted pixels were accumulated into a confusion matrix,
allowing us to compute standard metrics [45] such as preci-
sion, recall, false positive rate, etc. For the VIT-sseg model,
computing this score is straightforward, but for MaskRCNN
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we accumulate per-box heatmaps into a larger full image
heatmap, which can then be scored. Because YOLO-v9 and
GroundingDINO do not produce masks, they were excluded
from pixelwise evaluation.

Quantitative results for each of these models on box and
pixel metrics are shown in Table 2. Because the independent
test set is only 121 images, we also present results on the
larger validation dataset. Corresponding validation results
are illustrated in Figure 5 and test results in Figure 6.

All models were trained on a single machine with an Intel
Core i9-11900K CPU and an NVIDIA GeForce RTX 3090
GPU. Our environmental impact ' was manageable.

5. Dataset Transfer Experiment

Our third contribution is an experiment that studies trans-
fer rates of decentralized and centralized data distribution
methods. For centralized distribution, we use a self-hosted in-
stance of Girder [42] and the HuggingFace datasets [32] plat-
form. For decentralized clients, we use Transmission [31]
(BitTorrent) and Kubo [26] (IPFS). As a baseline, we also
measure direct transfers using Rsync [55].

For data transfer experiments, we use the 2024-07-03
version of the dataset. This is content-addressed with the
IPFS CID (content identifier): bafybeiedwp2zvmdyb2
c2axrcld55xfbv2mgdbhgkc3dileddftiimwth?2
v. The torrent magnet URL is: magnet : ?xt=urn:btih
:ee8d2c87a39%a%fed8bef7ebdcal2eb68852¢
49, and is tracked on Academic Torrents [10]. More details
in Appendix C.1.

The HuggingFace results stand out, as they are faster
than rsync. We believe this is due to an optimized client
and content delivery networks, utilizing CAKE [24] to mini-
mize buffer bloat [19]. However, this speed relies on costly
centralized infrastructure. The expected speed from a more
modest centralized service is ~20x slower.

There is an additional ~ 4x slowdown between com-
pressed and uncompressed rsync baselines, which needs to
be considered when comparing decentralized results. The
minimum time column shows that decentralized methods
can be competitive with rsync, but on average decentralized
mechanisms are significantly slower and can be stifled by
long peer-discovery times.

6. Conclusion

We have introduced the largest open dataset of high resolu-
tion images with polygon segmentations of dog poop. While
only focused on a single class, it is prototypical of chal-
lenges that arise in small-waste detection relevant to waste

'Over all of our experimentation, prediction and evaluation took 14 days,
consuming 108 kWh and emitting 23 CO2 kg (CodeCarbon [30]). Training
was estimated at 164 days and 1359 kWh, yielding 285 CO3 kg, assuming
a345W GPU draw and a 0.21 X892 emjssion factor. At $0.16/kWh and

kWh
$25/tonne CO2, total cost was $242.37. More details in Appendix E.



https://ipfs.io/ipfs/QmQonrckXZq37ZHDoRGN4xVBkqedvJRgYyzp2aBC5Ujpyp?autoadapt=0&requiresorigin=0&web3domain=0&immediatecontinue=1&magiclibraryconfirmation=0&redirectURL=bafybeiedwp2zvmdyb2c2axrcl455xfbv2mgdbhgkc3dile4dftiimwth2y
https://ipfs.io/ipfs/QmQonrckXZq37ZHDoRGN4xVBkqedvJRgYyzp2aBC5Ujpyp?autoadapt=0&requiresorigin=0&web3domain=0&immediatecontinue=1&magiclibraryconfirmation=0&redirectURL=bafybeiedwp2zvmdyb2c2axrcl455xfbv2mgdbhgkc3dile4dftiimwth2y
https://ipfs.io/ipfs/QmQonrckXZq37ZHDoRGN4xVBkqedvJRgYyzp2aBC5Ujpyp?autoadapt=0&requiresorigin=0&web3domain=0&immediatecontinue=1&magiclibraryconfirmation=0&redirectURL=bafybeiedwp2zvmdyb2c2axrcl455xfbv2mgdbhgkc3dile4dftiimwth2y
magnet:?xt=urn:btih:ee8d2c87a39ea9bfe48bef7eb4ca12eb68852c49
magnet:?xt=urn:btih:ee8d2c87a39ea9bfe48bef7eb4ca12eb68852c49
magnet:?xt=urn:btih:ee8d2c87a39ea9bfe48bef7eb4ca12eb68852c49

(a) Validation (n=691)

Model AP AUC Fl1 TPR AP AUC El "FPR

Box Box Box Box Pixel Pixel Pixel Pixel
MaskRCNN-p 061 072 062 057 074 091 0.74 0.68
MaskRCNN-s 026 058 035 031 043 0.89 048 0.50
VIT-sseg-s 048 053 060 051 076 097 074 0.69
GroundingDINO-t  0.69 0.63 0.74 0.68 - - - -
GroundingDINO-z  0.08 0.21 020 0.25 - - - —
YOLO-v9-p 041 059 050 042 - - - —
YOLO-v9-s 033 041 044 037 - - - -

(b) Test (n=121)

Model AP AUC Fl1 TPR AP AUC Fl TPR

Box Box Box Box Pixel Pixel Pixel Pixel
MaskRCNN-p 061 070 065 060 081 085 0.78 0.73
MaskRCNN-s 025 047 034 030 039 080 041 044
VIT-sseg-s 039 040 052 041 041 082 048 037
GroundingDINO-t  0.70 0.67 0.76 0.68 - - - -
GroundingDINO-z  0.23 030 039 0.38 - - - -
YOLO-v9-p 044 055 051 050 - - - -
YOLO-v9-s 036 036 048 037 - - - -

Table 2. Baseline model performance on validation and test sets. Suffixes indicate training conditions: -p (pretrained), -s (scratch), -t
(tuned), -z (zero-shot). Metrics include box- and pixel-level AP (area under precision-recall), AUC (area under ROC), F1, and TPR (recall),
computed using scikit-learn [44]. Pretrained models outperform with the tuned foundational Grounding DINO model performing best. Note:
VIT-sseg was tuned more extensively and operated at full resolution, while MaskRCNN, DINO, and YOLO used off-the-shelf settings (that

resized images) and may improve with additional tuning.

monitoring, pollution tracking, and environmental surveil-
lance. The dataset includes amorphous objects, occlusion,
multi-season variation, difficult distractors, daytime / night-
time variation. We have described the dataset collection and
annotation process and reported statistics on the dataset.

We provided a recommended train/validation/test split of
the dataset, and trained baseline segmentation models that
perform well, but could likely be improved. In addition to
providing quantitative and qualitative results of the models,
we also estimate the resources required to perform these

Method Zipped W o Min Max
BitTorrent No 8.36h 5.16h 2.21h 14.3%h
IPFS No 10.68h 9.54h 1.80h 24.62h
Rsync No 4.84h 1.3%h 3.10h 6.10h
Girder Yes  2.85h 2.31h 1.05h 6.24h
HuggingFace Yes  0.14h 0.03h 0.11h 0.18h
Rsync Yes 1.10h 0.03h 1.07h 1.13h

Table 3. Transfer times (in hours) for our 42GB dataset: trials
(n), mean (), std (o). Each experiment was run 5 times. Uncom-
pressed transfers provide granular access to individual files, while
compressed (zipped) transfers are faster.

training, prediction, and evaluation experiments.

We have published our data and models under a permis-
sive license, and made them available through both central-
ized (Girder and HuggingFace) and decentralized (BitTorrent
and IPFS) mechanisms. Decentralized methods are robust,
but suffer from significant network transfer overhead. Hug-
gingFace has exceptionally fast transfer speeds, has some
decentralized properties, but lacks content identifiers.

Our dataset enables applications such as mobile feces de-
tection, urban cleanliness monitoring, and augmented-reality
collision warnings. Because it trains models to recognize
small, irregular, low-contrast objects in cluttered scenes, we
predict that including “ScatSpotter” in foundational training
corpora will improve robustness to camouflage and small-
object ambiguity in a broad range of ecological and waste-
monitoring downstream tasks.
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(a) VIT-sseg-scratch (validation set results)
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(b) MaskRCNN-pretrained (validation set results)

(c) MaskRCNN-scratch (validation set results)

(d) YOLO-v9-scratch (validation set results)

(e) YOLO-v9-pretrained (validation set results)

(f) GroundingDINO-zero-shot (validation set results)

INO-tuned (Valiglation set results)

(h) Inputs from the validation set

Figure 5. Qualitative results from validation-selected models applied to the same validation images. Subfigures (a-c) show results for VIT
and MaskRCNN, including both the binarized classification map (true positives in green, false positives in red, false negatives in purple, true
negatives in black) and the predicted heatmap before binarization. Subfigures (d-g) show bounding-box detections from YOLO-v9 and
Grounding DINO, using the same color scheme (blue = true-positive predicted boxes; green = matched ground truth). Subfigure (h) shows
the input image.
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(a) VIT-sseg-scratch (test set results)

(b) MaskRCNN-pretrained (test set results)

(c) MaskRCNN-scratch (test set results)

(d) YOLO-v9-scratch (test set results)

(e) YOLO-v9-pretrained (test set results)

(f) GroundingDINO-zero-shot (test set results)

(g) GroundingDINO-tuned (test set results)
P T i ’ ?

(h) Inputs from the test set

Figure 6. Qualitative results from validation-selected models applied to test images. Subfigures (a-c) show results for VIT and MaskRCNN,
including both the binarized classification map (true positives in green, false positives in red, false negatives in purple, true negatives in
black) and the predicted heatmap before binarization. Subfigures (d-g) show bounding-box detections from YOLO-v9 and Grounding DINO,
using the same color scheme (blue = true-positive predicted boxes; green = matched ground truth). Subfigure (h) shows the input image.
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