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Abstract— Trash cans are a central tool in managing the
disposal of trash in urban areas, but require human supervision
to ensure regular emptying. It is difficult to manage a large
number of waste bins spread across a whole city, which presents
an opportunity for computer vision technology to identify cans
that require attention without human intervention.
Previous work has leveraged a camera-equipped bus to deploy
a single deep learning based computer vision model to detect
trash cans along the path of the bus and classify their fill
level. We improve upon their work by presenting a multi-stage
pipeline that combines their detection model with a separate,
second model trained purely for classification. The detector
will identify and cut out trash cans from an image, which
will then be classified as either “Empty”, “Full” or “having
a garbage bag next to it”. Our approach significantly increases
the overall accuracy and precision for both tasks, as calculated
by the commonly used COCO metrics. Additionally, we present
a lightweight variant of our detection model, which can be run
on the bus itself, where only limited computational resources
available. This enables us to actually deploy our system in a
near real-time setting.

Index Terms— Computer Vision for Transportation, Intel-
ligent Transportation Systems, Environment Monitoring and
Management, Object Detection, Segmentation and Categoriza-
tion

I. INTRODUCTION

The comprehensive report ”What a Waste 2.0” published
in 2018 estimates that by 2050 waste generation rates will
outpace population growth by a factor of two, which will
pose large challenges in the solid waste management sector,
especially in low-income countries [1].
This is a considerable point of costs in many cities: Accord-
ing to that same report, solid waste management takes up
to 19 percent of a city’s budget, depending on the area. On
average 60 to 70 percent of total operational costs can be
accounted to the task of waste collection.
Even in high-income areas waste collection typically relies
on designated garbage pickup schedules and human super-
vision, but these methods are highly inflexible in adjusting
to short-term trends and scaling to large areas. These can be
serious problems when demand for garbage collection grows,
as cities and population increase in size.
Planning-based systems can help in determining effective
routes to help garbage disposal companies attend to the
trash cans that actually need to be emptied, but they require
information about the state of trash cans in an area.
To address this problem, we implement a system, which
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uses camera-equipped public transport buses to continuously
monitor trash cans along a bus route. This approach utilizes
existing infrastructure and ensures reasonably accurate mea-
surements through regular traversal of the same areas.
We aim to deploy this system on the BusEdge platform [2].
BusEdge controls a number of sensors and safety cameras
on the bus itself and allows accessing and working with the
resulting data without any additional hardware, by offloading
the computational load to a nearby Cloudlet instead.
In particular we are presenting a three-stage detection-and-
classification pipeline, which is able to detect trash cans
along the side of the road and estimate their fill level based
on their outward appearance, while respecting the resource
restrictions imposed by BusEdge.
To do so, we apply multiple computer vision models based
on the ResNet architecture [3] trained with Detectron2, an
open source library that provides a number of state-of-the-art
object detection algorithms [4].
This is a continuation of previous work [5], which proposed
this pipeline and implemented parts of it. We provide an
analysis of commonly accepted metrics like precision and
recall, and show how our changes improve the previous
results.
Once deployed our pipeline can assist an employee of the
bus company by automatically providing an overview of all
existing trash cans, monitoring their fill level over time and
suggesting bus stops where trash cans are or will soon be
too full.

II. RELATED WORK

A. IoT-based Trash level monitoring

In order to improve effective emptying of waste containers
a number of Internet of Things (IoT) solutions have been
proposed [6]–[9], that aim to build ”smart” trash cans,
equipped with sensors and a network connection, which
allow for reliable remote monitoring. These systems can
track trash levels much more accurately than a computer
vision approach, but they have the distinct disadvantage of
requiring specialized hardware.
This makes retrofitting a city with such devices a tedious
endeavor and requires additional maintenance, which makes
scaling up difficult.
Our approach uses existing public infrastructure, which
makes deployment easier and more flexible.

B. Computer vision for trash detection

In the past there have been many attempts to utilize
computer vision methods to fight increased pollution, both



in terms of localizing and classifying it. [10], [11]
Machine learning techniques such as Support-vector ma-
chines (SVMs) [12] or Convolutional Neural Networks
(CNNs) [13], [14] were used to detect littering in both urban,
as well as aquatic enviroments [15]. The TACO [16] data set
offers a good starting point for detecting waste left in nature.
Other research directions include classifying trash to help
with recycling [17], [18].
While such methods certainly help with improving municipal
cleanliness, they do not account for waste, that has been
properly disposed of and that is ready for collection.

C. Deep Learning in computer vision

In recent times convolutional neural networks have been
out-performing more classical computer vision algorithms,
which has shifted the field towards heavy use of deep
learning based methods.
A number of frameworks [4], [19], [20] at varying degrees of
abstraction have opened up the field by providing pre-trained
models for different architectures and applications.
The task of object detection in particular allows for a wide
range of combinations: We will be using the Faster R-CNN
architecture of the R-CNN family [21]–[23], a two-stage
detector with an emphasis on accuracy, readily available
within our framework of choice - Detectron2 [4]. Depending
on the application, many different backbones can be used for
feature extraction. A common choice are entries from the
ResNet family [3], but other choices such as Inception [24],
[25] or combinations of the two [26] exist.
These architectures, while highly accurate, tend to be quite
slow, which is unsuitable for mobile and embedded devices.
This has created other approaches with an emphasis on speed
and efficiency. These range from more efficient backbones
like the MobileNets family [27] to a class of single-stage
detectors like SSD [28], YOLO [29] or RetinaNet [30], that
aim for (near) real-time application.

III. OVERVIEW

We propose a three-stage pipeline in order to detect trash
cans in a real-time context: On-the-edge preselection, Trash
can detection and Trash can classification. The pipeline is
designed to be deployed on the BusEdge platform proposed
by [2]. This section largely recaps the previous work by [5].

A. BusEdge

BusEdge [2] provides a framework for us to work with
data collected by sensors on a common public transportation
bus. This includes information such as images from exterior
cameras, GPS, acceleration etc. Notably the bus itself is
equipped with a computer not capable of (and not designed
to) executing computationally intensive tasks. Instead a typi-
cal BusEdge pipeline uses only lightweight filters that run on
the bus itself. Data that passes through the filter is then sent
to a more capable ”cognitive engine” via wireless network,
where a thorough analysis is possible.

B. On-the-edge preselection

The large amount of incoming data from the cameras
makes it infeasible to consider every frame equally. Instead
we want to concentrate our efforts on a promising subset of
all incoming data.
The largest limitation in this context are the limited compu-
tational resources available: The limited bandwidth requires
us to perform this preselection on the bus itself, since we
cannot pass all images onto the cloudlet server.
We can address this issue by applying a lightweight detection
model to roughly detect possible trash cans and then analyze
the candidates more precisely later. Instead of being very
precise, we are aiming for high recall at this stage. This
leaves us with images that may contain a trash can, while
discarding the ones that clearly do not. The whole step has
to be performed reasonably fast, even with the lack of a
dedicated graphics processing unit (GPU) typically available
in a machine learning setting, so that the whole pipeline can
run in near real-time.
For that reason, we want to look at efficient models specially
designed for the deployment on mobile devices such as
MobileNets [27] to account for the bus’ hardware limitations.

C. Detection

Our main goal in this stage is to accurately detect and
localize trash cans, regardless of their trash level, in the
previously identified images.
This step will be performed on the cloudlet server, which
is why we can apply more complex and computationally
expensive models like RetinaNet [30] or ResNet [3] to
achieve highest possible accuracy.
Previous experiments [5] have shown that, while architec-
tures like Faster R-CNN are able to both localize and classify,
the overall accuracy decreases heavily when relying on a
combined model.
That is why we cut out the identified bounding boxes and
feed them into a separate final stage instead.

D. Classification

The final stage of our pipeline is responsible for classifying
the cropped images into three separate categories:
Trash cans that do not visibly contain trash will be con-
sidered empty for our purposes, as they are not in need of
immediate attention. Trash cans that do visibly contain trash
are considered (soon-to-be) full for our purposes. Since the
bus camera can only see the outside of the cans, visible
trash is an indicator of reaching maximum capacity. That
means they will be ready to be emptied in the near future
and are therefore of interest to the bus company. Our third
class covers trash cans with a garbage bag in their immediate
vicinity, regardless of their trash level, as garbage bags are
indicative of a can that needs immediate attention, since trash
is piling up beyond the contents of the can. To account for
this class the cropped out bounding boxes are extended into
all directions to include the surrounding area.

Since we can rely on human assistance for ambiguous
images, we will assign a fourth class for predictions that fall



Fig. 1: Proposed detection and classification pipeline

below a certain confidence threshold. Under the (reasonable)
assumption that a human operator will always be accurate,
this option presents a trade-off between human effort and
overall performance by relying on the operator’s judgement
for all predictions under the threshold.

E. Notifcation

In order for the proposed pipeline to be useful to the bus
company, an additional stage is required: The responsible
party has to be notified about the location of trash cans,
which we deem to need attention. The BusEdge platform
offers GPS data, which will be used for this purpose.
Our system provides all the necessary information for such
an application to be built on top of it.

IV. METHODOLOGY

A. Data sets

1) Regarding existing data sets: We adapted existing data
sets [31], [32] from previous work [5] for our purposes:
The data sets consist of 14,981 images of which 2682 images
contain 3909 annotations. In the first case, the annotations
assign a single label to every object of interest, whereas in
the second case, they distinguish between ”Full”, ”Empty”
and ”Garbage Bag”.
It has to be noted, that the annotations used here do not
distinguish between between domestic (movable) trash cans
and permanently installed trash cans. We used the full
provided data set for training purposes, but since we are
mainly interested in permanent installations at bus stops, we
disregard any failure cases related to other trash cans in our
analysis (unless explicitly stated otherwise).

2) Detection data set: To train and test our detection
models, we used the unaltered data set, as available at [31].

3) Classification data set: To train and evaluate our classi-
fication model, we had to make a few changes to the provided
data set [32]. Since this task does not expect bounding
boxes, we cut out the annotated bounding boxes from the
existing images to use instead. To account for the ”Garbage

Bag” label, we extended the given bounding box by 25%
horizontally and 10% vertically in each direction. If this
extended bounding box contained a garbage bag annotation
we assigned the appropriate ”garbage bag” label, falling back
to the original annotation otherwise.
This method produced a number of images not even clas-
sifiable by humans, which is why we then filtered out all
images smaller than 32 pixels in either dimension (consid-
ered ”small” by COCOeval [33]) For the reasons outlined in
paragraph IV-A.1, we mainly look at a variant of our test
set, which only contains bus stop trash cans.

B. Model training

We used our data sets as described in the previous section
to finetune models from the ResNet family [3], as well as
the MobileNet family [27]. All used models have been pre-
trained on the ImageNet [34] data set.

1) Detection: Our server-side detector was trained using
the Resnet101+FPN backbone for Faster R-CNN as proposed
in [35], available within the Detectron2 model zoo [4],
which we trained for approximately 30,000 iterations, while
evaluating the validation set every 1,000 iterations.
The bus-side detector relies on the same architecture, but we
compare different, simpler backbones capable of running on
mobile devices, including Resnet18+FPN and MobilenetV2.

2) Classification: Our classifier is based on Resnet101
again: We only replaced the final fully-connected layer with a
smaller fully-connected layer to account for our three classes.
We also applied the Softmax function, so that the output
becomes a probability vector.
We trained this model for around 10 epochs.

C. Evaluation

1) Detector: We report COCO-style metrics [33], as well
as a precision-recall curve to evaluate the performance of our
detection models.
Our use case needs only a very rough localization within an
image, which is why we give special attention to the metrics



at an Intersection over Union (IoU) value of 50%. For the
bus case we additionally benchmark the inference time in a
CPU-only setting averaged across multiple runs.

2) Classifier: To evaluate classification performance, we
provide overall precision and recall values for our three
desired classifications on the bus stop-only test data. These
are be partially visualized in a confusion matrix to highlight
possible failure cases.
Additionally we compared these metrics given different
confidence thresholds for human intervention as described
in section III-D.
Calculating the CLASS-BALANCED-ACCURACY [36] allows
us to a give a single, comparable value here, while accounting
for the class imbalance of the data set.

V. RESULTS

A. Server-side Detection

When applied to our test set, we achieved an overall
average precision of 78.3% at an overall average recall of
85.0%. The precision increased to 89.2% when looking at
IoU 0.50.
We also saw a significant increase of over twenty percentage
points across all categories, compared to the Retinanet model
presented by [5] (see Table I).

The precision-recall curve shows promising results across
all threshholds (see blue curve in Figure 2). This becomes
even more apparent, if we limit ourselves to large (greater
than 96 by 96 pixels) bounding boxes (see orange curve in
Figure 2). These are especially interesting to us, since we
expect to get close-up images of all bus stop trash cans when
driving past them.

Fig. 2: Better model performance in the especially valuable
”large” case

However there is a small amount of trash cans that we
never manage to detect. By looking at these images, we
managed to identify a failure cases: Occlusion.
We expect each trash can to appear in full view at least once,
but as Figure 3 shows this may not always the case.

Fig. 3: Occluded trash can (green bounding box) is only
visible for a single frame. In the next recorded frame
(bottom), the bus has already passed the trash can.

B. Bus-side detection

Finetuning both backbones showed that the Resnet18
backbone surpassed the MobileNets-V2 variant in all our
core categories (see table I): While there was a slight
difference in inference time between the two, the difference
is not large enough to make up for the additional accuracy.

A look at the precision recall curve (Figure 4) shows excel-
lent performance of our lightweight model, when considering
”large” trash cans, rivaling the recall of the server model with
only slightly lower precision.

Fig. 4: Lightweight model performs exceptionally well in
”large” case, even compared with the server-side detector



TABLE I: Resnet18 achieves higher results across the board

Backbone AP AP50 APm APl Inference (on CPU) Inference (on GPU)
Resnet101-FPN 78.3% 89.2% 84.16% 88.55% 3111ms 152ms

RetinaNet 44.2% 67.4% 57.3% 79.2% N/A N/A
Resnet 18-FPN 50.13% 74.41% 61.28% 77.09% 604ms 34ms
MobileNetsV2 35.09% 55.36% 49.68% 62.58 % 556ms 37ms

By applying the model as a pre-selector at a threshold of
0.5, our combined data set of 14981 individual frames was
cut down to a set of 2191 candidate frames (approximately
14.6%), while retaining close to 95% of all large instances.

C. Classification

Evaluating the classifier on our reduced test set (only
including bus stops), we see great results in the Garbage
Bag and Empty category, with the weakest performance in
the Full category (see table II).

This equates to an BALANCED-ACCURACY of 0.904.

TABLE II: Performance of our classifier on the reduced test
set

Label Precision Recall Support
Empty 98.52% 98.52% 270

Full 86.96% 90.91% 22
Garbage Bag 98.90% 97.83% 92

The confusion matrix (Fig. 5) highlights this: Full trash
cans are mistakenly identified as empty around ten percent of
the time. While these are acceptable results, the bus company
is especially interested in these trash can.

Fig. 5: One tenth of full trash cans are falsely predicted to
be empty.

We found that the results can be improved by applying
a minimum confidence threshold (as described in section
III-D). We found the best results at a threshold of 87% (see
Figure 6): With human intervention, we are able to correctly
identify all full trash cans, while barely affecting the results

Fig. 6: A threshold of 87% allows us to find all full trash
cans.

in the other categories. This translates to an improved
BALANCED-ACCURACY score of 0.953. As a trade-off we
required the operator’s judgement for 15 images, which
accounts for around 4 percent of all 384 images in the data
set.

We found a similar trend when applying the classifier to
the full test set (including every kind of trash can), but saw a
significant increase in the fraction of misidentified full cans,
where the confidence threshold proved to be less effective
(see Appendix Figure 7). While there is a definite area of
improvement, it serves as evidence, that our approach can
be adapted for other kinds of waste containers.

VI. CONCLUSIONS AND FUTURE WORK

We presented a three stage pipeline for detecting and
classifying trash cans, designed for deployment in an edge-
computing context. Our model significantly outperforms
previous results presented on this problem and the results
indicate satisfying results in a real-world application. We also
provide evidence, that our results may generalize to a wider
variety of waste containers.
So far we have not tested our system in actual deployment.
While we have tried to account for the limited resources,
further experimentation is still required. Depending on the
results we may want to consider other architectures such as
SSD [28] or YOLO [29] in the pre-selection step.
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VII. APPENDIX

(a) The proportion of full trash cans falsely identified
as empty is more than doubled when applied to the full
data set, while the other categories perform similarly.

(b) Applying the same threshold as 6 does not yield
nearly as strong of an improvement.

(c) Increasing the threshold even more only marginally
improves the rate of misidentifcations but heavily in-
creases the number of ”Unsure” classifications

Fig. 7: Confusion matrices for classification on full test set


