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Abstract

Illegal waste dumping represents a serious environmental
and public health challenge, motivating the development of
automated surveillance systems capable of detecting such
events in real time. This paper describes and analyzes
the results of the Illegal Waste Dumping Detection (IWDD)
international contest, which aims to advance video-based
methods for recognizing illegal disposal activities from fixed
surveillance cameras. We describe the Mivia-IWDD dataset
introduced for the competition, consisting of 400 video clips
(200 positive, 200 negative) with precise temporal annota-
tions, covering both static and dynamic dumping actions as
well as challenging negative scenarios across diverse envi-
ronmental conditions. Ten teams participated in the con-
test, proposing heterogeneous approaches based on spatio-
temporal deep learning, action recognition, temporal mod-
eling, and efficiency-oriented design choices. We evalu-
ated the methods using a comprehensive protocol that com-
bines classical detection metrics (Precision, Recall, and F1-
score) with additional indicators targeting real-time appli-
cability, including notification delay, processing frame rate,
and memory usage. Moreover, we analyzed and compared
the results achieved by all teams from multiple perspectives.
Beyond ranking performance, this paper provides useful in-
sights and highlights open challenges and promising re-
search directions, contributing a benchmark and practical
guidelines for future work on illegal waste dumping detec-
tion in smart surveillance systems.

1. Introduction

Illegal waste dumping is a critical threat to communities
worldwide. Beyond aesthetic concerns, it strains munic-
ipal budgets, damages ecosystems, and endangers public
health [24, 27], ultimately undermining urban sustainabil-
ity and residents’ quality of life [3, 18, 26]. A major barrier
to effective deterrence is the lack of sophisticated monitor-
ing technologies. Current research is constrained by a “data
void”: existing datasets mainly consist of static images cap-
turing waste after disposal, failing to represent the crucial
dynamic moments of the act itself. Without video data
reflecting the diversity of human behaviors, waste types,
and environmental conditions, the development of proactive
real-time intervention systems remains limited.

To address this critical gap, we organized the Illegal
Waste Dumping Detection (IWDD) contest, promoting the
development of automated video-based surveillance sys-
tems capable of detecting illegal waste disposal in real time
from static videosurveillance cameras. Organizing compe-
titions has recently demonstrated to significantly contribute
to the state of the art progress in specific research top-
ics [6–9]. Central to this initiative was the release of the
MIVIA-IWDD dataset, consisting of 400 videos (200 pos-
itive, 200 negative) used as training set for the competi-
tion. This dataset captures the full temporal evolution of
disposal events, encompassing both static and dynamic dis-
posal modalities, and representing the diverse patterns and
complexities of the real world. To ensure robustness, the
collection includes challenging negative scenarios, which
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are common activities that resemble dumping behaviors.
Provided with precise temporal annotations, the dataset of-
fers a rigorous framework for training and validating meth-
ods to detect the exact onset of illegal disposal acts.

The ten methods submitted to the competition were eval-
uated using standard event-level detection metrics, includ-
ing Precision, Recall, and F1-score, complemented by real-
time indicators such as notification delay, processing frame
rate, and memory usage. The analysis of the performance
has been done on a private test set, characterized by the
same a priori distribution and illegal waste dumping ac-
tions, but collected in different scenarios. In this way,
we evaluated the performance of the methods in a realis-
tic framework, in which the generalization capability of the
approaches is tested under real-world conditions.

Therefore, we can summarize the contributions of this
work as follows. We introduce MIVIA-IWDD, the first
open-source evenly balanced training set capturing static
and dynamic illegal waste dumping actions under diverse
conditions. We describe the IWDD contest, specifically
organized to benchmark illegal waste dumping detection
methods trained with this dataset. We report the results
obtained by the submitted methods evaluating them on a
private test set collected in real-world scenarios, propos-
ing an evaluation protocol combining classical metrics with
real-time performance indicators and analyzing the results
from multiple perspectives. By analyzing the submitted ap-
proaches, we highlight useful insights, offering a bench-
mark and guidance for future research activities in illegal
waste dumping detection.

2. Related works
The scarcity of publicly available benchmarks for the
IWDD task has forced researchers to rely mostly on private
custom-built collections. Existing resources can be broadly
categorized by data modality: image-based datasets, used
primarily for waste detection, and video-based datasets,
used for action recognition. Table 1 provides a compara-
tive overview of these resources.

2.1. Image datasets
Image datasets generally support supervised learning tasks
aimed at recognizing waste objects in static scenes.

TACO [22] is a prominent open-source dataset con-
taining thousands of images with high-quality segmenta-
tion masks, covering diverse environments from beaches to
streets. Similarly, pLitter [16] focuses on plastic waste, of-
fering specific subsets for roadside and floating river debris.
In the broader context of environmental monitoring, remote
sensing resources such as AerialWaste [25] and the dataset
by Marrocco et al. [17] utilize aerial and satellite imagery.
However, these are designed to identify accumulated illegal
dumpsites rather than real-time dumping events.

Despite their utility for waste inventory and cleanup,
static imagery is inherently insufficient for the specific re-
quirements of illegal waste dumping detection. The core
challenge of this task lies not in detecting the waste, but in
recognizing the action (abandonment). A single frame can-
not disambiguate between a pre-existing pile of trash, an
object currently being carried, or an item being discarded.
Temporal dynamics are essential, as distinguishing illegal
dumping from mere litter requires analyzing motion and
context over time.

2.2. Video datasets
Video datasets provide the necessary temporal context to
model and recognize the action of dumping, distinguishing
it from the static presence of waste. As summarized in Ta-
ble 1, existing works have addressed this problem by col-
lecting footage focused on specific dumping modalities.

Mahankali et al. [15] focused exclusively on dynamic
disposal with a dataset of 50 videos depicting waste dis-
carded from moving vehicles. Their collection is strictly
limited to vehicle-based infractions, explicitly excluding in-
stances where individuals dump waste on foot. In the con-
text of surveillance, Yun et al. [29] utilized CCTV footage
from eight locations to capture changes in the spatial rela-
tionship between pedestrians and objects. Similarly, Husni
et al. [11] developed a larger dataset of 400 videos in In-
donesia (market and river areas), featuring a strictly bal-
anced distribution of 200 littering and 200 non-littering
events. Other contributions target the fine-grained mechan-
ics of disposal to support pose-based analysis. Kim et
al. [14] created 30 short clips simulating eight specific pos-
tures (e.g., one-handed, two-handed, without bending) to
analyze wrist and body joints. Similarly, Yu et al. [28] com-
piled 72 videos depicting diverse dumping intensities, rang-
ing from carefully lowering waste to forcefully throwing it.

Despite the methodological diversity of these contribu-
tions, a critical shortcoming shared by all existing video
datasets is their unavailability to the public. They remain
private assets, which prevents the research community from
reproducing results and establishing a standardized bench-
mark. To address this gap, we organize the competition
around the MIVIA-IWDD dataset, the first publicly re-
leased training set for illegal waste dumping detection.

3. Dataset
In this section, we present MIVIA-IWDD, the novel train-
ing set specifically designed to support the development of
IWDD systems for the competition. We detail the data col-
lection methodology, the annotation protocol, and the sta-
tistical properties that characterize the training set given to
the teams. Then, we describe the private test set adopted
to evaluate the performance of the approaches submitted by
the contest teams.
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Table 1. Overview of existing waste management datasets, showing data type (image or video), disposal modality, samples, and access.

Dataset Disposal modality Samples Access

TACO (2020) [22] Abandoned Waste 1,500 images ✓

pLitter (2024) [16] Abandoned Plastic Litters 12,752 images ✓

AerialWaste (2023) [25] Aerial-Abandoned Waste 11,703 images ✓

Marrocco et al. (2024) [17] Aerial-Abandoned Waste 4,715 images p

Mahankali et al. (2018) [15] Dynamic Disposal 50 videos p

Yun et al. (2019) [29] Dynamic and Static Disposal N/A p

Husni et al. (2021) [11] Dynamic and Static Disposal 400 videos p

Kim et al. (2022) [14] Static Disposal 30 videos p

Yu et al. (2024) [28] Dynamic and Static Disposal 72 videos p

MIVIA-IWDD (2026) Dynamic and Static Disposal 400 videos ✓
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3.1. MIVIA-IWDD training set

3.1.1. Data collection

The primary design goal of MIVIA-IWDD was to create a
resource that mirrors the complexity of real-world surveil-
lance environments. Unlike synthetic datasets or those em-
ploying actors, our collection process prioritized ecologi-
cal validity. Most of the footage was obtained from real
surveillance cameras, capturing spontaneous and unscripted
human behavior across a wide variety of scenes. Figure 1
offers a representative visual overview of the dataset.

The dataset is built around two core categories:

• Positive samples: We ensured coverage of the full spec-
trum of disposal behaviors. This includes static dis-
posal, where individuals deliberately place objects such
as furniture, bags, or construction debris on the ground,
and dynamic disposal, which involves throwing waste
from moving vehicles or while walking. These scenar-
ios present distinct challenges: static events often occur
in cluttered environments with potential occlusions, while
dynamic events require the system to detect rapid motion
and temporal anomalies.

• Negative samples: To train a robust discriminator, it is
insufficient to simply include empty scenes. Therefore,
we meticulously selected hard negative videos depicting
actions that are visually similar to dumping but entirely
legitimate. These include ambiguous behaviors (e.g., car-
rying bulky items without discarding them), scenarios
where pedestrians pass near pre-existing waste, and au-
thorized sanitation operations. This variety ensures may
help the model to distinguish actual violations from law-
ful waste management or unrelated daily activities.

3.1.2. Dataset annotation
To ensure high-quality ground truth, the dataset underwent
a rigorous manual annotation process. Human annotators
reviewed each video to verify the class label (Dumping vs.
No Dumping). Positive samples include a precise temporal
annotation marking the event onset, enabling reaction-time
evaluation and action spotting [5], which localizes actions
in untrimmed videos using a single timestamp. Each event
is also categorized as static or dynamic. Additionally, meta-
data concerning environmental conditions, specifically the
time of day (day/night) and lighting quality (bright/dim),
were tagged for every clip. This rich metadata layer facili-
tates in-depth error analysis and allows researchers to assess
model performance across different domains.

3.1.3. Dataset statistics
The MIVIA-IWDD dataset comprises a total of 400 videos,
amounting to over 2 hours of footage. In terms of tech-
nical specifications, the recordings predominantly feature
high definition resolutions (1920 × 1080 and 1280 × 720)
and frame rates between 20 and 30 FPS, aligning with stan-
dard modern surveillance configurations. A range of lower
and higher resolutions is also included to simulate legacy
and diverse hardware setups. The clips are concise, with an
average duration of approximately 20 seconds, ensuring the
content remains focused on the relevant window of activity.

A key strength of the dataset is its strict balance, meticu-
lously designed to prevent algorithmic bias. The 400 videos
are evenly split into 200 positive and 200 negative samples.
The positive subset is further stratified to include exactly
100 static and 100 dynamic disposal events, ensuring equal
representation of both modalities. Regarding environmen-
tal diversity, the dataset includes a realistic proportion of
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(a) Illegal waste dumping. (b) No dumping.

Figure 1. Sample video frames from the MIVIA-IWDD dataset illustrating different scenarios. The examples include both static and
dynamic disposal events, alongside various negative videos depicting non-dumping activities. Frames marked with D indicate the key
moments in which the dumping action occurs and becomes evident, while frames labeled ND represent non-dumping situations.

lighting conditions, with a subset of videos captured during
nighttime or low-light scenarios, which are critical for 24/7
surveillance applications.

3.2. Private test set
The test set is kept confidential and is not accessible to par-
ticipants, guaranteeing an unbiased and realistic assessment
of the generalization ability of the proposed methods. It
consists of 100 video samples, including 50 positive cases
(25 with static disposal and 25 with dynamic disposal) and
50 negative cases, preserving the same prior class distribu-
tion as the training data. The test scenarios differ from those
used for training, allowing the evaluation of the approaches
under real-world conditions that are not represented in the
training set. The final ranking of the contest is determined
by the overall performance achieved on the entire test set.

4. Methods
This section summarises the methods submitted to the con-
test for illegal waste dumping detection. Although all ap-
proaches address the same task under a shared evaluation
protocol, they adopted markedly different architectural de-
signs and temporal reasoning strategies, ranging from deep
learning models with explicit sequence modelling to mul-
timodal vision-language pipelines. These methodological
choices reflect distinct trade-offs between localisation ac-
curacy, robustness, and computational efficiency. We report
the methods in alphabetical order of the team name.

The AGH-EVS approach formulates illegal dumping de-
tection as a frame-level temporal action detection problem
using a causal spatio-temporal convolutional network. Built
on a pre-trained MoViNet backbone operating in causal
mode, the method produces frame-wise dumping probabil-
ities through a lightweight temporal prediction head. Infer-
ence relies on a sliding-window strategy, where short clips
are analysed independently and their predictions aggregated
to form a dense temporal confidence signal over the entire
video. The dumping timestamp is determined by the frame
with the highest confidence, subject to a fixed detection
threshold. This fully convolutional formulation enables ef-

fective temporal localisation without resorting to recurrent
models or explicit proposal generation.

The ALEXKNIGHTS [1] approach addresses illegal
dumping detection as a binary video classification task
using an efficient spatio-temporal convolutional architec-
ture. The method builds on the lightweight X3D-M back-
bone, which employs depthwise separable 3D convolutions
and channel-wise attention to capture discriminative spatio-
temporal patterns at low computational cost. The pre-
trained multi-class classification head is replaced with a bi-
nary classifier, and fine-tuning is performed using differ-
ential learning rates to balance task adaptation and feature
preservation. During training, clips are sampled around
annotated dumping events for positive examples and from
temporally distant regions for negatives to increase data di-
versity. At inference time, temporal localisation is achieved
through a sliding-window strategy, selecting the most con-
fident window and returning its centre timestamp when the
confidence exceeds a predefined threshold.

The ARRAY [12] approach formulates dumping de-
tection as a frame-level temporal classification problem
grounded in multimodal semantic representations. Videos
are temporally subsampled, and each frame is indepen-
dently encoded through a vision–language pipeline that
generates multiple descriptive captions capturing scene con-
text, human actions, and waste-related cues. These captions
are embedded using Sentence-BERT to obtain compact se-
mantic representations, which are then analysed by a tem-
poral classifier. During inference, frame-level probabilities
are temporally smoothed, and dumping events are identified
using confidence and duration based thresholds. Training
employs a weighted binary cross-entropy loss to address
class imbalance, with temporal subsampling acting as the
primary preprocessing step.

The GARBERUS [23] method adopts a multi-task
learning framework built upon a shared spatio-temporal
backbone to jointly address illegal dumping detection, tem-
poral localisation, and disposal-type classification. The
approach leverages a pre-trained TimeSformer architec-
ture to extract spatio-temporal representations, which are
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processed by three independent binary heads following a
divide-and-conquer strategy: a primary dump versus no-
dump classifier, a temporal localisation head providing
coarse timestamp estimates, and a disposal-type classifier
distinguishing between static and dynamic dumping events.
Task-dependent temporal sampling is used to balance effi-
ciency and temporal coverage. Robustness is further im-
proved through additional training samples for the pri-
mary task, data augmentation, and early stopping, enabling
the unified handling of multiple dumping-related objectives
within a single architecture.

The IMSLAB [2] method tackles illegal waste dump-
ing detection and onset localisation through a multi-stage
onset-centric temporal reasoning framework designed for
untrimmed surveillance videos. Frame-level visual repre-
sentations are extracted from short uniformly sampled clips
using a frozen VideoMAE backbone, explicitly favour-
ing boundary-sensitive modelling over long-term tempo-
ral pooling. Motion-aware descriptors are obtained by
enriching appearance features with temporal differences
and multi-scale temporal pooling, and are processed by a
lightweight temporal module combining dilated temporal
convolutions and self-attention. In addition to motion in-
formation, the method explicitly models scene-state transi-
tions to capture persistent environmental changes indicative
of dumping events. These complementary cues are fused
into an onset evidence curve, which is exploited by dedi-
cated classification and regression heads to separate genuine
dumping actions from background motion and to estimate
a normalised onset interval. At the end, predictions from
multiple temporal views are combined using confidence-
weighted voting, yielding robust video-level decisions and
onset estimates.

The SAFE:CAUTION [13] method frames illegal
dumping detection as a video-level multi-task problem,
jointly addressing event classification and timestamp esti-
mation. The approach relies on two complementary pre-
trained video backbones, Hiera and VideoMAE V2, which
are fine-tuned to extract global spatio-temporal represen-
tations from uniformly sampled clips. For each back-
bone, lightweight classification and regression heads are
employed to predict a dumping probability and a nor-
malised event timestamp, respectively. Training is driven by
a multi-task objective that combines binary cross-entropy
with mean squared error, with the regression loss applied
only to positive samples. Final predictions are made via
weighted ensembling and thresholding, with timestamps
mapped to the original video duration.

The SUDOPI [30] method follows a CV pipeline that in-
tegrates object detection, multi-object tracking, background
modelling, and rule-based temporal reasoning. A custom-
trained YOLOv8 detector is configured to prioritise Recall,
enabling the detection of small or partially occluded waste

objects, which are subsequently associated over time us-
ing the BoT-SORT tracker. To distinguish newly deposited
waste from static scene elements, the approach employs a
dual-timescale MOG2 background model that captures both
short-term changes and long-term scene stability. Candidate
dumping events are validated using multiple novelty cues
and strict temporal consistency rules enforcing object per-
sistence and stationarity, while additional exclusion heuris-
tics suppress background clutter. This sequential detection,
validation, and temporal filtering pipeline yields the final
dumping decision and corresponding timestamp.

The UNICASS [4] method adopts a two-stage deep
learning architecture that integrates frame-level spatial fea-
ture extraction with recurrent temporal modelling. Vi-
sual features are extracted using a ResNet-18 backbone
pretrained on ImageNet, yielding fixed-dimensional em-
beddings for each frame, which are subsequently pro-
cessed by a bidirectional GRU to capture temporal context.
Frame-level dumping probabilities are then produced by a
lightweight classification head. To encourage effective tem-
poral learning, several frame-level supervision strategies are
explored during training, while inference strictly adheres to
the challenge annotation protocol. Given the short dura-
tion of the videos, inputs are represented as fixed-length se-
quences of 64 frames, uniformly sampled and padded when
required to ensure temporal consistency and computational
efficiency.

The WASTEBUSTERS method employs a two-stage
pipeline that combines frozen pre-trained video repre-
sentations with lightweight temporal sequence modelling.
Videos are partitioned into temporally ordered clips pro-
cessed at low frame rate and encoded using a pre-trained
VideoMAEv2 transformer. The resulting clip-level embed-
dings are analysed by a compact Mamba state-space se-
quence model, which propagates temporal context across
clips to produce dumping predictions. During inference,
clip-level outputs are temporally smoothed to reduce noise
before generating final video-level decisions, resulting in an
efficient and robust detection pipeline.

The WASTESCRAPPER method combines frozen
vision–language representations with a lightweight tempo-
ral localisation network to perform dumping detection and
timestamp estimation. Videos are uniformly sampled into
a fixed number of frames and encoded using a pre-trained
CLIP image encoder. The resulting frame-level embeddings
are processed by a compact temporal model composed of
one-dimensional convolutions and self-attention layers to
capture temporal dependencies. A video-level classification
score is obtained via temporal pooling, while the dumping
timestamp is estimated directly from the temporal score dis-
tribution. At inference time, predictions are thresholded and
timestamps are mapped back to the original video duration.
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5. Evaluation metrics

According to the contest rules, the submitted methods are
evaluated under a unified protocol designed to assess both
detection accuracy and suitability for real-time deployment.

5.1. Event-based detection metrics
Detection performance is evaluated by comparing the pre-
dicted dumping instant p with the ground-truth g, defined as
the first frame in which the dumping action becomes visi-
ble. Early detections are tolerated within a temporal margin
of ∆t = 5 seconds, while detections occurring more than
Tmax = 10 seconds after g are considered invalid.

A detection is counted as a true positive if it occurs in
a positive video and falls within the valid temporal window
(g −∆t) ≤ p ≤ (g + Tmax). Detections produced in neg-
ative videos, as well as detections outside this interval in
positive videos, are treated as false positives. Conversely,
positive videos for which no valid detection is generated are
counted as false negatives.

Based on these definitions and being TP, FP and FN the
number of true positives, false positives and false negatives,
standard event-level metrics are computed, namely Preci-
sion, Recall, and F1 score:

P =
TP

TP + FP

R =
TP

TP + FN

F1 = 2× P × R
P + R

(1)

The final ranking is determined by the highest F1 score
on the test set, which provides a balanced value by jointly
accounting for false alarms and missed dumping events.
While the F1 score provides an effective trade-off between
precision P and recall R, it does not fully capture the relative
importance or ranking implied by different combinations of
these two metrics [21]. This limitation motivates the need
to evaluate models from an alternative perspective, as dis-
cussed in Section 6.2.

5.2. Efficiency and real-time metrics
Beyond detection accuracy, the evaluation protocol includes
metrics designed to assess the practical suitability of the
proposed methods for real-time surveillance scenarios, par-
ticularly in settings with limited computational resources,
with an emphasis on detection latency and computational
efficiency.

Notification delay. This metric evaluates how promptly a
method identifies an illegal dumping event after its onset.

For each correctly detected positive video, the delay is de-
fined as di = |pi− gi|. The average delay D computed over
all true positives is normalised as

Dnorm = max

(
0, 1− D

Tmax

)
, (2)

where higher values correspond to faster and more timely
detections.

Processing frame rate. Computational throughput is
measured in terms of the average number of frames pro-
cessed per second on a target GPU. Let PFR denote the
measured processing frame rate and PFRtarget a predefined
reference value. The corresponding normalised score is de-
fined as

PFR∆ = max

(
0,

PFRtarget

PFR
− 1

)
, (3)

with higher scores indicating more efficient processing.

Memory usage. Memory efficiency is assessed based on
the peak GPU memory consumption observed during in-
ference. Given a target memory budget MEMtarget and the
measured peak usage MEM, the normalised memory score
is computed as

MEM∆ = max

(
0,

MEM
MEMtarget

− 1

)
, (4)

where lower memory usage results in better scores.

6. Results
6.1. Analysis with the contest metrics
The results of the competition, summarized in Table 2, high-
light a significant variety of strategies and a clear trade-
off between detection quality and computational efficiency
among the participating teams. AGH-EVS achieves the
highest F1 score of 0.57, largely driven by a strong re-
call of 0.74, despite moderate precision at 0.47, suggest-
ing that its frame-level temporal action detection effec-
tively captures most dumping events but at the cost of
false positives. GARBERUS balances precision and recall
(both 0.54), yielding a solid F1 of 0.54 and excellent nor-
malised detection efficiency (Dnorm = 0.8) indicating that
its multi-task TimeSformer architecture effectively lever-
ages temporal context while maintaining computational ef-
ficiency. SAFE:CAUTION exhibits the highest precision
on the test set (0.62) but suffers from low recall (0.32),
resulting in an F1 of 0.42; this indicates that its video-
level multi-task ensemble, while highly selective, misses
a significant fraction of true dumping events. ARRAY
and IMSLAB show moderate performance (F1 of 0.46 and
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Table 2. Final competition ranking evaluated on the private test set, sorted by F1-Score. Efficiency metrics are calculated using reference
targets PFRtarget = 30 and MEMtarget = 2. Best results are in bold, second-best are underlined.

Team Quality Metrics Efficiency Metrics
P R F1 Dnorm ↑ PFR ↑ PFR∆ ↓ MEM ↓ MEM∆ ↓

AGH-EVS 0.47 0.74 0.57 0.38 13.25 1.26 0.12 0.00

GARBERUS [23] 0.54 0.54 0.54 0.80 63.59 0.00 0.65 0.00

ARRAY [12] 0.49 0.44 0.46 0.74 0.81 35.92 1.08 0.00

IMSLAB [2] 0.47 0.38 0.42 0.79 268.73 0.00 0.50 0.00

SAFE:CAUTION [13] 0.62 0.32 0.42 0.83 4.53 5.61 2.88 0.44

WASTEBUSTERS 0.42 0.40 0.41 0.73 6.97 3.29 1.00 0.00

SUDOPI [30] 0.43 0.38 0.40 0.78 15.02 0.99 0.33 0.00

UNICASS [4] 0.39 0.30 0.34 0.67 744.82 0.00 0.53 0.00

WASTESCRAPPER 0.50 0.26 0.34 0.74 491.98 0.00 0.50 0.00

ALEXKNIGHTS [1] 0.50 0.06 0.11 0.73 25.73 0.16 0.15 0.00

0.42, respectively), reflecting the trade-offs inherent in mul-
timodal frame-level encoding and onset-centric temporal
reasoning. WASTEBUSTERS, SUDOPI, UNICASS, and
WASTESCRAPPER all achieve similar F1 scores ranging
from 0.34 to 0.41, suggesting that recurrent temporal mod-
elling, classical pipelines, and lightweight sequence models
provide comparable detection coverage. ALEXKNIGHTS
achieves negligible recall (0.06), causing its F1 to collapse,
highlighting the limitations of highly efficient video-level
classification in capturing sparse events.

Table 3. Performance ranking evaluated on the training set, sorted
by F1-Score. The table includes also the confusion matrix metrics.
Best results are in bold, second-best are underlined.

Team Quality Metrics
P R F1

SAFECAUTION [13] 0.95 0.91 0.93
ALEXKNIGHTS [1] 0.97 0.85 0.90

WASTESCRAPPER 0.89 0.83 0.86

WASTEBUSTERS 0.86 0.83 0.84

SUDOPI [30] 0.94 0.72 0.81

UNICASS [4] 0.87 0.76 0.81

GARBERUS [23] 0.79 0.77 0.78

ARRAY [12] 0.72 0.62 0.67

IMSLAB [2] 0.51 0.79 0.62

AGH 0.62 0.50 0.55

Comparing with the training set results (Table 3), it is
evident that some methods such as SAFE:CAUTION and
ALEXKNIGHTS exhibit strong overfitting, with F1 scores
above 0.90 on training data but significantly lower perfor-
mance on the test set. In contrast, AGH-EVS and GAR-
BERUS maintain a more consistent generalization gap, un-
derlining the robustness of their temporal modelling strate-

gies. ARRAY and IMSLAB exhibit moderate training set
performance, in line with their test set results, implying
that multimodal frame-level and onset-centric temporal rea-
soning approaches achieve stable but not outstanding gen-
eralization. WASTEBUSTERS, SUDOPI, UNICASS, and
WASTESCRAPPER all show unbalanced training and test
F1 scores. These observations emphasize that while strong
training set metrics indicate effective model capacity, final
ranking is ultimately determined by test set generalization,
underlining the importance of using a challenging and real-
istic test set.

6.2. Analysis from a different perspective
Considering that all the teams achieved a F1 lower than 0.6
on the test set, with values of P and R lower than 0.5 in most
of the cases, we analyzed the results also from a different
perspective, namely by following the approaches proposed
in [20] and [19]. We first examine the ROC space in Fig. 2,
computed using the standard definition of false positives, as
these approaches rely on the classical framework.
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It appears that all teams without exception have a con-
fusion matrix very close to that of a no-skill classifier (flip-
ping a coin, random guess): all balanced accuracy values
are close to 0.5, as evident from the rising diagonal in ROC.
For some participants, we can note a performance below
no-skills. To isolate predictive merit from random chance,
we applied the correction for chance [20]:

F1,corr =
F1 − F1 ◦ no-skill
1− F1 ◦ no-skill

, (5)

which rescales the metric so that zero represents the
no-skill baseline (F1 ◦ no-skill). Under this correction,
SAFE:CAUTION achieves the best, albeit weak, result
(0.12). As demonstrated in [20], it is known that the perfor-
mance ordering induced by the chance-corrected versions of
the F1 is on the Tile. Moreover, as the classes are balanced,
it is at the center of the Tile. Therefore, as the method pro-
posed by SAFE:CAUTION has the highest value, it should
appear on the Entity Tile1. This is indeed the case, as seen
in Fig. 3.

Now, if we add the no-skill classifiers predicting always
the same class to the ranking, it can be seen on Fig. 4 that
SAFE:CAUTION is the only one to appear. All the other
methods have a performance similar to random for the task
defined by the contest on the test set. This result demon-
strates that there is still room for improvement in possible
new editions of the competition.

7. Conclusion
This paper introduced the first contest on illegal waste
dumping detection, supported by the release of the
MIVIA-IWDD dataset, namely the first publicly available
video collection capturing both static and dynamic illegal

1The Entity Tile, as proposed in [10], is a Tile on top of which we
display the method for a given rank.
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Figure 4. The Entity Tile with two additional no-skill classifiers.

disposal behaviors with precise temporal annotations. By
addressing the long-standing lack of open benchmarks and
by testing the methods on a challenging private test set, the
competition establishes a solid foundation for developing
and comparing video-based illegal waste dumping detection
systems under realistic surveillance conditions.

The contest results reveal meaningful progress but also
highlight the inherent difficulty of the task. While some
methods demonstrated positive results and precise tempo-
ral localization, the overall performance is far from be-
ing acceptable for a real system, reflecting the challenges
posed by subtle human actions, diverse environments, and
the need for real-time operation. The heterogeneous strate-
gies adopted by the ten participating team, ranging from
spatio-temporal deep networks to multimodal and classi-
cal pipelines, underscore the multidimensional nature of
the problem and the possibility to further improve the
approaches with more robust temporal reasoning, motion
modeling, and hard-negative discrimination.
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