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Abstract. The research is dedicated to the development of neural networks for
the detection of fly-tips on satellite images. The problem is relevant for Russia,
where about 70 million tons of solid waste are generated annually, a significant
part of which is dumped in fly-tips. Deep learning methods were used to solve
two problems: binary classification of images for the presence of dumps and
detection of their location. Unique datasets were collected to train the models,
including more than 29,000 images for classification and 500 images for
detection. The best models for classification were found to be VGG16 and VGG19
with an F1 measure of 0.91. The Faster R-CNN architecture was used for
detection, achieving an accuracy of 89% on the AP metric. The results
demonstrate the high effectiveness of deep learning in automating fly-tip
monitoring, which helps to improve waste management control and
environmental conditions in general.
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1. Introduction

As you know, in Russia and in many other countries, waste management is an
important environmental and social problem. This is directly related to the lack of a
full-fledged recycling and disposal system, as well as to weak control over this process
by state supervisory authorities. As expected, this leads to the emergence of a large
number of fly-tips, which causes enormous harm to the environment.

According to the estimates of the Ministry of Natural Resources and
Environment of the Russian Federation, about 70 million tons of solid waste are
generated annually, which turn into fly-tips, the area of which is increasing by 500
thousand hectares per year [1]. This was of all these wastes, according to Greenpeace
[2], less than 2% is burned, and about 4% is recycled. The rest of the garbage is sent
either to landfills or to fly-tips, the exact number of which is unknown, which does not
allow drawing conclusions about the scale of the environmental consequences. It is
also worth noting that police work in these cases are not actually carried out [3].

In connection with the above, the urgency of the task of detecting, recognizing
and monitoring fly-tips is obvious. At the moment, there are solutions to involve the
public: special Internet maps have been created on which any user can leave a
message and designate a fly-tip. Due to various satellite services, it is possible to
search for illegal dumps by manually viewing satellite imagery. Obviously, both of
these methods are rather laborious and ineffective. That is why the use of artificial
intelligence methods, namely deep learning, seems to be the most promising in
solving the problem under discussion. This approach has clear advantages. Firstly, it
is the efficiency of detecting new fly-tips. Secondly, it is possible to relatively
inexpensively monitor previously discovered places, track changes in the area of the
object and the activity of the fly-tip (using images in the infrared range), record the
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moment of reclamation, etc. It should be noted that previously, if such tasks were
solved, it was extremely expensive and inefficient.

The task of recognizing objects in satellite images (Earth remote sensing data)
is becoming increasingly popular with the development of computer vision
technologies and the growth of computing capabilities. Tasks such as recognition and
segmentation of vehicles [4], ships [5], objects of agricultural activity [6] and others
are already being formulated and solved. All these examples not only emphasize the
relevance of using remote sensing images, but also reveal the advantages of modern
computer vision methods.

For example, the recent application of deep learning methods for automated
detecting marine oil spills at sea has been more successful than using traditional
machine learning methods (various quality assessment metrics are given in the work)
[7]. The authors presented an image segmentation model based on the Mask R-CNN
that achieved an overall accuracy of 96.6% in spill detection.

Also, using convolutional neural networks (CNN), you can automate the process
of annotating roads in high-resolution aerial images [8]. The authors were able to
improve the results of previous researchers by using unsupervised learning methods
to initialize the initial model weights and implement pre- and post-processing of
images. Later, scientists in the article [9] managed to improve the quality of
recognition on a dataset consisting only of Massachusetts images. It should be noted
that they formulate the problem of semantic segmentation of not only roads, but also
buildings.

Many researchers have been dealing with the problem of semantic
segmentation of buildings. So, scientists in their work [10] give a solution method
based on the use of a fully convolutional architecture (FCN). This approach, according
to their estimates, surpassed the recognition efficiency of solutions based on
convolutional neural networks [11] (Patch-based CNN) and on the support vector
machine [12].

Some authors have shown in their works that it is a good practice to use
convolutional neural networks pre-trained on everyday objects (ImageNet datasets)
for pattern recognition on Earth remote sensing images [13-14].

Thus, in this work, the tasks are formulated for the development,
implementation and training of neural network models to solve two closely related
problems: binary classification of satellite images (into two classes - containing fly-
tips and not containing ones) and detecting the desired objects - fly-tips. And the
main goal is to improve the situation in the field of waste management through the
use of modern digital methods and technologies.

2. Problem formulation

For the problem of binary classification (remote sensing images) the
mathematical formulation is as follows. Let us introduce the notation: X is a set of
instance features, Y is a set of class labels. The instance in this task is an image, and
each of it’s features simply represents one pixel’s intensity, from 0 to 255 in the RGB
color model. The set Y consists of two elements: Y={0,1}, where 0 and 1 are labels
of two classes, fly-tip and not fly-tip. Suppose there is an unknown target functional
dependence - some mapping f: X —» Y. There is also a finite set E = {x;,X4, ..., X}, X; €
X, i =1,m, which is called training set (dataset), and each instance is labeled with
identifier: (x;,y;), x; €X, y; €Y [15]. It is possible to create a new set (5Y)=
{(x;,v:):i = 1,m}, for the elements of which the following is performed:

fx)=y, i=1m, (€Y)
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where x; € X,y; €Y.

Thus, using a training set for which class labels are known, it is required to
develop a decision rule (algorithm) - a function g: X - Y, with which it is possible to
classify any element x € X with the least number of errors. In other words, it is
necessary to construct a function g that approximates the desired f.

Let's move on to the mathematical formulation of the problem of object
detection (in this case, fly-tips) from remote sensing images. For this, we introduce a
two-dimensional rectangular coordinate system with the origin in the upper left corner
of the image and axes directed parallel to the sides of the image: to the right and
down (see Figure 1).

X
y|| (0;0) | (1,0) | (2,0) (N; 0)
61 | 11 | (Z1) v | (N;D)
2 | 12 | (22 | .. |(N2)

(x0 1)
O;M) [ (M) | (M) | .. [(N;M)

Figure 1. Coordinate system referenced to the image with NxM resolution.

In addition to defining the class, it is necessary to localize the object itself: find
a rectangular area (bounding box) specified by coordinates(x;,y,), (x5, y,) (upper left
and lower right corners, respectively), in which the recognized object is located. For
each such region, we introduce a set containing the corresponding coordinates of the
image pixels: V; = {(x,y):x; < x <xp, y; <y <y,}, i€ N, where N - the set of natural
numbers. For a dataset of size m we will have a set V = {V;;:i = ,m,j = T,n,}, where n;
- is the number of annotated objects in the i-th image. Based on the model predictions
using the g’ algorithm, we obtain - P = {Pi}‘.":i =1,m,j= 1_n—1} It is important to note
that the number of objects proposed (predictions) by the algorithm in the i-th image
is equal to the number of annotated objects in this image.

We can calculate the similarity measure for each object using the IoU
(Intersection over Union) metric, also known as the Jaccard index, using the formula:

|V nPg|

100 (vi;, B ) =

|V UP? | @

Thus, using the training data, it is necessary to find a rule - the g* algorithm,
with which you can classify all the desired objects (fly-tips) in the image x € X and
determine their location so that the maximum is achieved:
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m
g' = max Z 100 (vi;, B9 ®3)
3. Dataset

The correct formation of the dataset is essential in machine learning problems.
In this article, the training data consists of two sets of images: containing and not
containing fly-tips.

The dataset design plan can be described as follows:

1. Search for the coordinates of the location of fly-tips.

2. Translation of geographical coordinates (latitude / longitude) into tile
coordinates (for convenient and efficient display of the map, its image
is cut into squares of 256x256 pixels - tiles).

3. Downloading images from a satellite service (in this work -
DigitalGlobe).

4. Image annotation (the process of labeling images of a dataset).

An additional task arises for image detection. For images with the desired
objects, it is necessary to indicate a bounding box around each of them.

When searching for the coordinates of the location of fly-tips, the above-
mentioned Internet maps were used, with the help of which it was possible to find the
coordinates of more than 26 thousand unauthorized waste disposal sites. However, it
should be borne in mind that not all fly-tips are visible on satellite images: trees,
bushes, etc. often interfere with the view. And according to some coordinates, the fly-
tips had already been reclaimed at the time of compiling the dataset, so all images
had to be checked and classified manually.

The formation of negative (non-fly-tips) examples is also an important task. To
effectively train the model, the dataset must contain a variety of examples of all kinds
of objects found on satellite images, especially if these objects look like fly-tips. These
can be urban developments, suburban areas, roads, roofs of various buildings, cars,
etc.

Image with Bounding Box

50

100

150

200

_ . ")
0 50 100 150 200 250

Fig. 2. An example of dump detection is shown in the image. The vertical and horizontal axes
are pixel numbers.

Geographic coordinates were translated first into spherical Mercator coordinates
(many mapping services use it), and then into tile numbers. After that, the images
corresponding to the given tile numbers were downloaded, followed by manual
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classification and detection. An example of detecting the original image is shown in
Figure 2.

Figure 3. Images from the training set for the classification problem. The two columns on the
left are fly-tips and on the right are examples of images without fly-tips.

As a result of the work carried out, a dataset of 29913 images was formed for
the classification problem: 2254 with fly-tips and 27659 - without. The data was
divided into training (60% of the total), validation (20%) and test (20%) sets. It is
worth paying attention to the imbalance of the dataset. On the one hand, this is
necessary to achieve representativeness of the dataset, since fly-tips on satellite
images are extremely rare in the real world. However, in this case, it is required to
use weights for classes (in the loss function) for more successful training of models.
500 images were prepared for the detection task: 400 for training and 100 for testing.
Several satellite images from the training sample for the classification problem are
shown in Figure 3.

4. Experiments and results

A common approach to deep learning with a small dataset is to use a pretrained
network [16]. In our case, this can be a good practice due to the inability to extract
large amounts of data.

To solve the problem of binary classification, we propose to use several popular
architectures of convolutional neural networks: Xception [17], VGG16 [18], VGG19
[18], InceptionV3 [19], MobileNet [20]. Each of them was pretrained on the ImageNet
dataset [21]. A block of fully connected layers was added to the convolutional base of
the networks using some regularization techniques (see Figure 4, L2 regularization
with a value of 0.0005 was added to the dense layer).
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Layer (type) Output Shape Param #

vggl9 (Functional) (None, 8, 8, 512) 20024384
flatten (Flatten) (None, 32768) 0

dense (Dense) (None, 256) 8388864
dropout (Dropout) (None, 256) 0
dense_1 (Dense) (None, 1) 257

Total params: 28,413,505
Trainable params: 27,859,969
Non-trainable params: 553,536

Figure 4. The architecture of a neural network on a convolutional base VGG19.

Binary cross-entropy was chosen as the loss function, and to assess the
performance of neural networks, the following were used: accuracy, Fi-score and
confusion matrix (see Fig. 5). Several layers were frozen in convolutional bases: for
VGG16 and VGG19 - from layer 2 to 8, for MobileNet and Xception - from 2 to 32,
and InceptionV3 - from 2 to 64. Each network was trained for 50 epochs, and the
mini-batch size is 32 images. SGD with a learning rate of 0.001 and a moment of 0.9
was chosen as the optimizer. Due to the imbalance in the dataset, it was decided to
use the following weights for the classes: for fly-tips — 3, for the opposite class - 1.
Note that these weights do not correspond to the ratio of the number of images in the
classes, since the number of images with fly-tips is about 12 times less.

Predict
0 1
Actual N FP
FN TP

Figure 5. Confusion matrix.
The results of model training are shown in Table 1.

Table 1. The results of training various networks on a test set

Ne Convolutional Fi- Confl_.lsion
base score matrix

1 | VGG19 0.91 %522 3521]]

2 | veaie 0.90 %5525(; 3}32]]

3 | MobileNet 0.46 %41815‘? gg%

4 | Xception 0.24 Fggé sﬂ

5 | InceptionV3 0.08 %Sigg 13%

We can note that the networks of the VGG family were able to show the best
results with a high value of the Fi-score. Both models do an excellent job of
recognizing fly-tips and give few false positive responses (FP). However, the use of
MobileNet, Xception and InceptionV3 has not been so successful: it may require more
detailed fine-tuning of various hyperparameters to achieve any competitive results.
Also note that deeper models performed worse on the task. The plot of the first
training is shown in Figure 6.
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Figure 6. The value of the loss function at the stages of training and validation of the VGG19
model with the settings of the optimizer N°1.

A model based on VGG19 was chosen for further research. Various optimizers
were selected to train it. The results can be seen in Table 2. It can be noticed that the
first two configurations showed the best results on the Fi-score.

Table 2. The results of training a network on a VGG19 convolutional base with different
optimizer settings on a test set

Ne Optimizer s:;;e Ct::;ttl:i:n
1 | SGD(Ir=0.001, momentum=0.9), class_weight={0: 1, 1: 3} 0.91 [[555172 3;41&
2 | SGD(Ir=0.01), class_weight={0: 1, 1: 3} 0.91 [[556124 35133%
3 SGD(Ir=0.001, momentum=0.9) 0.88 [[545721 333]]
4 | RMSprop(Ir=2e-5), class_weight={0: 1, 1: 3} 0.86 [[559175 3;31]
5 | RMSprop(Ir=0.001), class_weight={0: 1, 1: 3} 0.83 [[548797 322]]
6 | Adam(Ir=0.001), class_weight={0: 1, 1: 3} 0.82 [[53207 iff]]
7 | Adadelta(Ir=0.001), class_weight={0: 1, 1: 3} 0.79 [F‘Igg 37452]]
8 Nadam(Ilr=0.001), class_weight={0: 1, 1: 3} 0.76 [Figi 23907]]
9 | Adam(lr=2e-5), class_weight={0: 1, 1: 3} 0.72 [[512;7 21?]]

If you look into the confusion matrix (Figure 5), then the largest number of true
positive answers in the 9th configuration (Table 2) is 444 pieces. So, if in the task it
is a priority to identify as many fly-tips as possible, then this model should cope better
than the rest. However, as expected, it is this network that has the largest number of
false positive errors. If the goal is in the least humber of these same false positives,
then it is worth looking at the models numbered 1, 2 and 4. So, depending on the
goals of the final product and the priorities set in the task, you can choose the
appropriate model configurations.

To solve the problem of detecting fly-tips on remote sensing images, the original
Faster R-CNN architecture [22] was used with several parameters changed, which
needed to be adjusted to the size of the images used. The neural network responsible
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for feature extraction (in this case, VGG16) was pretrained on the ImageNet dataset.
The training lasted 60 epoches, the results can be seen in Figure 7.
total_loss

T T
I . e training |

Lot e tRSEING

0 10 20 30 40 50 60
epoch

Figure 7. Total value of Faster R-CNN loss functions.

The plot of the loss function on the training data has a downward trend.
However, the situation with the test set is a little different - you can notice the effect
of overfitting.

*‘1

Figure 8. Detection Model Predictions.

Some predictions from the test set are shown in Figure 8. It can be noted that
the results are quite successful: in many cases, the network was able to predict the
correct location of the fly-tip. The final detection accuracy reached 89% according to
the AP metric.

5. Conclusion

The primary aim of this study was to develop and assess deep learning models
for automatically detecting fly-tips in satellite imagery, using a dataset of over 29,000
images for classification and 500 samples for object detection. We tested multiple
pre-trained CNN architectures (including VGG16, VGG19, MobileNet, Xception, and
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InceptionV3) and found that VGG19 and VGG16 consistently delivered the strongest
performance in differentiating images with fly-tips from those without (F1-score of
0.91). Furthermore, we employed a Faster R-CNN model built on the VGG16 backbone
to localize the dumps, achieving 89% accuracy according to the AP metric, confirming
the feasibility of using deep learning methods for pinpointing illegal dumping sites in
satellite data.

These findings demonstrate that automated detection can significantly benefit
agencies and organizations by expediting the identification and monitoring of
unauthorized waste disposal sites, thus supporting more efficient waste management.
Nonetheless, several limitations exist, such as the relatively small size of the dataset,
lack of extra spectral channels, and significant computational requirements. To
address these challenges, future research could expand the dataset to include broader
geographic regions, integrate multispectral or hyperspectral imagery, and explore
advanced architectures like transformers for improved accuracy. Additionally,
incorporating temporal analysis would help track the expansion or remediation of
dumping areas, making it possible to optimize resource allocation and strengthen
environmental oversight.
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