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Abstract

Multiple Bird detection is challenging due to their diversity, their sizes and their
overlaps in flock, but is essential to derive information on birds in many application
fields. A multiple bird detection toolbox is proposed with several deep learning
models with different accuracies and speeds, trained on a bird dataset. A new
dataset, constructed by adding non-bird images, is investigated to increase the
robustness of the models on non-bird objects. In addition to that, an algorithm
to improve the bird detection on large images, is tested. Finally, a very simplified
keypoint detection method is explained. The detection results show that some
deep learning models have very good performance and are able to detect slightly
overlapping birds. Some models obtain good precision while being fast which
is a real advantage on large images. Adding the non-bird dataset reduces false
detections and gives promising detection results.



Chapter 1

Introduction

Flying Bird detection is very useful in many applications. In the papers [26] (2014)
and [25] (2017), it is used to increase the flying aircraft security in low-altitude
airspace. The bird-aircraft collisions can be avoided by alerting in time the air
traffic controllers, who will take decisions accordingly. In the paper [2] (2020), a
flying bird detection method is used to get information on bird population move-
ment trends and assist traditional bird counting techniques, often made by keen
observers. Tracking the bird population is important since it is a direct indicator
of environmental health and biodiversity, due to the sensitivity of the birds to
environmental changes [11]. Depending on the application field, the detection
method has to meet certain requirements in accuracy and speed. For example in
aviation safety, the controllers must have the warning as fast as possible with high
relevancy (few false detections). Moreover, the detection of flying birds can be
challenging due to their variety in colors, shapes, flight poses and sizes. It is the
case for small birds, especially on large images. Photos or videos of flying birds
taken from afar have a very large resolution. For example, large images used in
this thesis have a 3456 × 6144 resolution. In addition to that, birds flying in a flock
tend to overlap with each other, leading to occlusions, and are difficult to distinguish.

In this thesis, a multiple flying bird detection toolbox for processing bird videos
is developed using deep learning. The link between video and image is very big
since a video is a sequence of images. The bird detection is made on every image
independently and so, the thesis focuses on images. The aim of the toolbox is
to provide and investigate several methods with different purposes while dealing
with slightly overlapping birds and small birds on large images. Moreover, a very
simplified method [26] is proposed in Chapter 5 to extract the key points (head,
tail and wings) of the birds once the detection has been made. One problem in
deep learning techniques is the lack of data. In fact they require a lot of data
to train them. To resolve this problem, transfer learning allows to reuse a model

1



already trained on very large dataset and train it again for a specific purpose but
with a dataset of limited size. One can obtained acceptable performance with
around 5000 data when using transfer learning [13, p. 20]. In my case, the dataset
contains less than 1000 images but one can increase considerably this number
using data augmentation. It is assumed that the birds are flying in an uniform
sky and not above the ground since it is the case for most of the birds in the
dataset. Nevertheless to increase the robustness of the models on non-bird objects
and the ground, a second dataset is constructed by adding an additional non-bird
dataset to the initial bird dataset. Comparisons of the models trained with and
without it, are made. The Chapter 3 analyses the datasets and explains the data
augmentation performed. After that, the Chapter 4 explains the deep learning
methods. Faster R-CNN network [12, 22] is used with three different backbones
which are the part of the network extracting the relevant features of the image.
These backbone architectures bring different accuracies and speeds. This is the
basis of any Convolutional Neural Network (CNN) [5] model which is explained at
the beginning of the chapter. After the CNN review which gives the key components
of the Faster R-CNN models, these are explained in details. The outputs (bounding
boxes) given by the models are then filtered by a NMS algorithm [7, 17] to improve
the bird detection. Moreover, an algorithm, called Slicing Aided Hyper Inference
(SAHI) [3, 4], is used to improve the detection for small birds and for large images.
The Section 4.3 explains how the models are trained and validated. Only the
performances with the bird datatset is presented. Finally the detection results are
shown in Section 4.4. The models are tested on images with the same resolution
as the training dataset and on very large images with/without SAHI. The visual
comparison between the models trained with/without the non-bird dataset is also
shown there.
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Chapter 2

Literature review

The detection of multiple flying birds on videos can be challenging due to the variety
of bird types and the many possible flight positions. In particular when there are
a lot of birds flying in different directions with possible slight overlaps between
them. Qunyu Xu and Xiaofeng Shi [26] (2014) propose to use the distinguishable
shape of the birds by extracting a simplified bird skeleton. To do so, they perform
image segmentation to obtain the moving objects of interest using two consecutive
frames. After that, they find the four extreme points of the contour of the object
which should correspond to the four key points (head, tail and two wings) of a
bird. The two frames are used to have the flying direction and associate properly
the head and the tail to their key point. From these points, a feature vector is
created to describe the bird and is used by a linear SVM to classify the object
as a bird or not. The SVM classifier is trained with an annotated flying bird
dataset where the birds fly in side-view, but also a non-flying bird dataset. This
method gives efficient results for its simplicity but is limited to very specific flying
poses in side-view. Tianhang Wu, Xiaoyan Luo and Qunyu Xu [25] (2017) solve
this problem by introducing multiple pose-specific classifiers. A feature vector
is extracted the same way as above with hand-crafted rules to manage the key
points occlusions. For each frame of two consecutive frames, objects of interest
are generated and classified based on their feature vectors (flying poses) using
these classifiers. After that, the two classification results are combined based on a
pose-change pair probability distribution to have the final detection results. They
use the fact that the bird poses between two consecutive frames are related and
are linked to certain types of movement. This method succeeds to handle more
different poses while being robust and efficient. But the pose problem still remains
since a flying bird has many possible flying directions which further increase the
number of possible poses. Moreover for both papers, the methods were only tested
on videos containing only one flying bird. If there are several birds that are close to
each other while flying in different directions and slightly overlapping, there could
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be association (tracking) problems over two consecutive frames. In addition to this,
the detection is made with a skeleton-based feature vector. Even if the skeleton is
quite discriminative for birds, there are many other features, maybe not obvious,
that could be useful to identify the birds. In recent years, deep learning methods
have been widely used and have achieved better results for object detection. The
features extracted by these methods are semantically relevant and often abstract
for a human.

Hüseyin Gökhan Akçay et al. [2] (2020) use deep learning to automatically
count birds on images. The deep learning method is a Faster R-CNN network
with Inception-v2 as feature extraction network. This fully convolutional network
extracts feature maps of the image using convolutions. After that, a Region Pro-
posal Network (RPN) generates regions of interest (ROIs) on the last feature map.
For each ROI, a fast R-CNN detector (fully connected layers) decides if the ROI
contains a bird or not. The outputs of the model are the confidence scores and
the bounding boxes for all objects classified as birds. The Faster R-CNN has a
good detection accuracy but which comes with a bad detection speed. However,
it has difficulties to recognize completely the birds when they are close and when
they are occlusions with other birds or other objects. It’s a little less of a problem
for bird counting since detecting a small part of the bird is sufficient to count the
bird. Moreover, it struggles to detect very small birds and make false detections on
non-bird objects. The model only uses the last feature map to perform. Even if this
one is rich in semantic, its resolution is low due to pooling operations. Therefore
the details of very small birds may have disappeared in the last feature map.

In this thesis, a Faster R-CNN is used with different backbones, ResNet50 [15],
MobileNetv3-Large and MobileNetv3-Large 320 [16] which have different accuracies
and speeds. The Pytorch ecosystem is used for the models, which is easy to use and
well documented. The first one is 5x faster on CPU than the second and 25x faster
than the last one, but with a decrease in accuracy [20]. This allows to analyse
the trade-off between accuracy and speed. The backbones are used with a Feature
Pyramid Network (FPN) [18, 23] which allows to use a pyramid of semantically rich
feature maps with different resolution for detection and not just the last feature
map. Therefore the model should be able to better detect small birds from the
high-resolution feature map. The predicted bounding boxes can still overlap and be
redundant. Then, a box filter algorithm, called non-maximum suppression, is used
to keep only the relevant boxes. In addition to this, a Slicing Aided Hyper Inference
(SAHI) algorithm is used to divide the images into overlapping slices and perform
bird detection on each of them. This increases the pixel areas of the small birds
compared to the image. Finally, to deal with false detections, a non-bird dataset is
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added to try to increase the robustness of the Faster R-CNN models. Regarding
the detection of key points, the same skeleton extraction method discussed above is
used on every detected bird if its size allows it. There exists deep learning methods
to perform key points detection but require labeled data. The current datasets
available are mainly about humans, cars and some specific animals.
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Chapter 3

Datasets

The dataset is based on a collection of bird photographs from [2] where more
details can be found on the observation locations or the camera properties for
examples. The photos were made at different places and environmental conditions
with different qualities. It contains birds of several species with different flying
poses and directions making the dataset very diversified and complex. Most of
the images (around 82%) contain flying birds while the rest contains non-flying
birds. Every bird in the images is labeled with a bounding box that surrounds it.
A sample of the dataset with ground-truth labels is shown in Figure 3.1.
The label files for some images were missing and some birds were not properly
labeled or sometimes didn’t have a bounding box at all. It was especially the case
for some overlapping birds where the bounding box covered only a part of the bird.
Therefore I reorganized the dataset to make sure that every image is associated
to the correct label files and added or changed the bounding boxes by hand. The
dataset, called bird dataset, consists of 656 images with 4982 birds. It can be found
on the following Github repository [10].

The dataset is separated into two, a training set used to train the models and
a validation set used to validate these trained models. A common 80/20 split is
used meaning that 80% of the dataset constitutes the training set and 20% the
validation set. It corresponds to 630 and 157 images respectively. The images are
picked randomly to ensure that the validation set is representative of the training
set. For example, that the images with birds of different sizes or different species
are contained in both sets. In general, we assume that the unseen images on which
the models will be used, are similar to the ones used for training and this is why it
is important to have a diversified dataset. The resolution of the images is shown
on the left image in Figure 3.2. Most of the images (633) have a resolution of
1024 × 600. Images of a resolution of 576 × 576 is extracted for training and testing.
A interesting feature to consider is the size of the birds given by the bounding box
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Figure 3.1: Sample of the bird dataset with the ground-truth bounding boxes in
red. The entire dataset can be found on the following Github repository [10]

compared to the size of the image used for training (576 × 576). The figure 3.3
shows the ratios (%) of the bounding box area of each bird in each image to the
image area. The minimal ratio is 0.07%. The histogram contains 4452 ratios which
means that almost 89, 4% of the birds have a ratio between 0.07% and 10%. The
mean on the histogram is 4.33% but it can be noticed that many birds have a ratio
around 0.25%. To give you a visual idea of the ratios, let’s look at the first two
images of the first row of Figure 3.1. The first one has a mean ratio of 0.25% with
a minimum and a maximum of 0.14% and 0.46% respectively. The second one
has a mean ratio of 3.21% with a minimum and a maximum of 1.63% and 4.12%
respectively.

Finally, many videos of flying birds of different bird species were collected by the
professional photographer Xavi Bou [24] and can be found on the Github repository
©. These high resolution videos are used to test the trained final models. They
also contains birds of varying size which will allow to see the limitations of the
models according to the size of the bird.

3.1 Addition of a non-bird dataset
Even if the landscape background change through the dataset, it is mostly uniform
for each image especially for flying bird scenes. For example, the images with a blue
sky background. The detection model could learn to do background subtraction
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Figure 3.2: Plot of the resolutions of the bird dataset on the left and the non-bird
dataset on the right. For the bird dataset, most of the images have a resolution of
1024 × 600. For the non-bird dataset, almost all images have at least one side of
640 pixels.
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Figure 3.3: Histogram of the ratios (%) of the bounding box area of every bird
to the image area (576 × 576). The histogram represents 89, 4% of the birds with
ratios between 0.07% and 10%. 35, 6% of the birds are contained between 0.07%
and 1%.

without learning to recognize the birds. This could lead to false detections on
non-bird objects. Therefore to try to increase the robustness of the models, I add
a non-bird dataset of 131 non-bird images without bounding boxes corresponding
to 20% of the bird dataset. One third of them are flying planes, one third are
non-flying planes and the rest of them are different type of images. This creates a
second dataset on which the models are trained and compared with the ones trained
on the bird dataset. A few samples are shown in Figure 3.4. The plane images
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come from the airplane class of the COCO dataset and the others are arbitrarily
picked from other classes [19]. The resolution of the images of this non-bird dataset
is shown on the right image in Figure 3.2. Most of the images have 640 pixels
maximum in height or in width. If the image is too small, padding is applied to
obtain the required resolution of 576 × 576.

Figure 3.4: Sample of the non-bird dataset obtained from the COCO dataset [19]
and which can be found on the same Github repository [10].

3.2 Data Augmentation
I use the Albumentations Python library [9] which is fast, work with the Pytorch
ecosystem and, most importantly, can simultaneously augment an image and its
corresponding bounding boxes. The transformations applied on the images are in
order:

• Flip the image either horizontally, vertically or both horizontally and vertically
with probability 0.5.

• Randomly changes the brightness, contrast, and saturation by a factor chosen
uniformly from [0.8, 1.2].

• Crop a random part of resolution 576 × 576 of the image.

The two first transformations are not applied when testing the models. The figure
3.5 shows some results of these transformations. For the non-bird dataset, I add
padding (black) to obtain the required 576 × 576 resolution.
As said previously, this library is able to augment the bounding boxes. When
cropping the image, the size of the bounding boxes could change and could make
some birds unrecognizable. The visibility of a bounding box is the ratio of its area
after augmentation to its original area. If the visibility is less than 0.6, I consider
that there are not enough information to recognize the bird and the bounding box
is removed. It can be observed in the first image of Figure 3.5.
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Figure 3.5: Images from Figure 3.1 on which data augmentation is applied. One
can remark that some birds lose their bounding boxes since their visibility is too
low i.e. below the threshold 0.6.
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Chapter 4

Multiple Bird Detection

4.1 Faster R-CNN Approach
Faster R-CNN is a two-stage detection method that uses an additional module,
namely Region Proposal Network (RPN) to bring attention to some regions of
interest (ROI) and generate bounding boxes based on the features extracted by a
fully convolutional backbone with a Feature Pyramid Network (FPN). After that
the proposed bounding boxes will be classified by a Fast R-CNN detector which
decides if the ROIs contain a bird or not. An illustration of the architecture of the
Faster R-CNN with the details discussed in the next paragraphs is shown in Figure
4.1.

Convolutional Neural Network Architecture

A convolutional neural network (CNN) is composed of different layers:

• A convolutional layer which is the most important part of the network since
it extracts automatically the relevant features of the input image. It performs
multiple convolutions with different convolutional filters, called kernels. At
the beginning the kernel values, called kernel weights, are initialized randomly.
Then the weights are tuned by training the network to perform a specific
task. Most of the recent CNNs have a deep architecture which requires a
large image dataset to adjust these weights. When using transfer learning,
the weights are initialized by the ones trained on a very large dataset. Of
course the networks have to be the same for weight correspondence. After
that one can fine-tune these pretrained weights for our task.

The image input format of a convolutional layer is (Height, Width, Number
of Channel). For the first input of the network which is the image itself, the
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Figure 4.1: Faster R-CNN architecture. The input is a image of birds. Firstly,
feature maps of different scales are extracted from the image by a fully convolutional
backbone used with Feature Pyramid Network to increase their semantic meaning
especially for the high-resolution feature maps. Secondly, a Region Proposal
Network (RPN) generates regions of interest (ROIs) on them which are filtered by
the NMS algorithm to reduce redundancy. The ROIs are associated to the proper
feature map. After that a ROI pooling layer is applied to extract the ROIs and
fully connected layers decide for each of them if they contain a bird or not.

format is (m, n, 3) since it is a m × n colored image with RGB channels.
The set of kernels have a size of (k, k, Number of Feature Channels) where k
must be lower that the resolution of the input and is often small around 2
or 3. The number of feature channels is the number of filters and also the
number of channels of the layer output. The output, often called feature
map, has more and more semantic meaning going through the convolution
layers. Moreover, the resolution of the feature maps decreases with the depth
of the network while the number of channels increases. The CNN takes full
advantage of the rectangular grid structure of the images since the kernels
go through every pixel as a sliding window. The convolution operation is
illustrated with a small example in Figure 4.3. The kernel slides over the
feature map and merges its values with the ones of the corresponding feature
map section. It is done by a element-wise multiplication followed by a sum
to obtain one value.
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Figure 4.2: Simple example of a Convolutional Neural Network Architecture. The
input is a bird image on which feature maps are extracted. This is done by applying
a convolution with ReLU layer followed by a pooling layer. These three steps
are applied several times until a semantically strong low-resolution feature map
is obtained. This one is then flatten to feed fully connected layers followed by a
softmax for the final classification. Note that it shows the elementary layers used
in the fully convolutional backbone in Figure 4.1.
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Figure 4.3: Convolution example with a 2 × 2 kernel on one channel of a 4 × 4
feature map. The numbers are only meaningful for the example. Only the four
first steps are shown. The kernel slides through the feature map and perform an
element-wise multiplication followed by a sum, with the corresponding section of
the feature map. The number of pixel shifts by the kernel, called the stride, is 1.

• A pooling layer which resumes the most important local features and reduces
the large resolution of the feature maps. It then reduces the number of
parameters and improves the training. Every local 2 × 2 non-overlapping
square of the feature map is down sampled to a certain value. There are
different types of pooling operations. The two most popular and used ones
are average pooling and maximum pooling. They are illustrated on a simple
example in Figure 4.4. The average pooling keeps the average value of every
2 × 2 square while the max pooling keeps the maximum value.

• A fully connected layer (FC layer) which is the final classification layer located
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Figure 4.4: Example of the average and max pooling operation with a 2 × 2 window
on 4 × 4 feature map. The numbers are only meaningful for the example. The
non-overlapping 2 × 2 window slides through the feature map. For every window,
the average number and the maximum is taken for the average and max pooling
respectively.

at the end of the architecture. The input is a feature map from the last
convolutional or pooling layer which is flattened to form a vector. There are
multiple fully connected layers where all outputs are connected to each input
of the previous layer. The goal of this layer is to make linear combinations of
the input. Due to the activation function bringing non-linearities, the FC
layer makes non-linear combinations of the features. It also has to be trained
to learn how to make these. The final outputs is generated using a softmax
activation function which gives the final results.

• An activation function layer which comes after the layers with learnable
weights i.e. the convolutional layer and the fully connected layer. There are
different types of activation function. The two most used are the Rectified
Linear Unit (ReLU) and the Softmax activation function. The first one allows
to bring non-linearities in the network by deciding to keep or not a specific
value of the input. It is defined as follows:

g(x) = max(0, x) (4.1)

where g refers to the ReLU activation function and x is one of the value of the
input. There are other similar functions for the same purpose, for example
sigmoid or tanh, but ReLU seems to work best.
The last one is the final layer of the network coming after the fully connected
layer. It transforms the outputs of this one to usable probabilities. It is then
possible to know how likely an image is a bird or not. They are defined as
follows:

pi = exi∑N
j=1 exj

, (4.2)

where xi is the ith-component of the final output vector of the fully connected
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layer, N is the size of this vector and M is the number of outputs (classes)
which is 2 for the example in Figure 4.2.

An example gathering these layers is shown in Figure 4.2. The Faster R-CNN
method is more complex than that but its architecture is based on these layers.
There are other layers used to obtain good training and performance as for example
dropout layer or normalization layer [5].

Faster R-CNN Backbone

Three different backbones are used in Faster R-CNN, namely ResNet50-FPN,
MobileNetV3-Large FPN and MobileNetV3-Large 320 FPN tuned for mobile use-
cases. For simplicity, they are called ResNet50, MobileNetv3 and MobileNetv3
320. FPN means Feature Pyramid Network and will be explained at the end of
the section once we have a clear view of the entire Faster R-CNN model. The
backbone corresponds to the features extraction part of the CNN. It is then a
fully convolutional network (FCN) i.e. a CNN without fully connected layers.
The Region Proposal Network and the Fast-RCNN detector share the same set of
convolutional layers which allows to train the network only once. The architecture
of the backbones can be found in their respective papers [15] and [16].

These three backbones give a different accuracy and speed to the Faster R-
CNN model. Accuracy often comes with a sacrifice of speed. The ResNet50
network should give the best accuracy but is the slower. MobileNetV3-Large should
give competitive accuracy to ResNet50 while being 5x faster on CPU. Finally,
MobileNetV3-Large 320 using reduced resolution is 25x faster on CPU but by
sacrificing the speed [20].

Region Proposal Network

The Region Proposal Network (RPN) is a fully convolutional network which
takes as input an image of any size and gives as output a list of region proposals
with their corresponding objectness score. The input image is a feature map from
the FCN backbone. The network is composed of three layers. There is a 3 × 3
convolutional layer followed by two fully-connected layers implemented as two 1 × 1
convolutional layers named reg and cls layer. This network is slid over this feature
map and takes as input the corresponding n × n window of the input feature map.
It is the same for all the windows. For each sliding window, k region proposals are
predicted based on k reference boxes called anchors. The anchor is centered at the
window and has two parameters: a scale (resolution) and a ratio. The RPN used in
this thesis uses 5 areas (322, 642, 1282, 2562, 5122) and 3 aspect ratios (0.5, 1.0, 2.0)
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[21]. This gives k = 5 ∗ 3 = 15 different anchors for each window.
The convolutional layer extracts a feature map with 256 channels from the n×n win-
dow , which is the input of the box-regression layer (reg) and the box-classification
layer (cls). The reg layer has 4k outputs corresponding to the coordinates of k
anchor boxes and the cls layer has 2k outputs corresponding to the probabilities to
have a object of interest or not for each box. The Figure 4.5 shows the network
applied on one sliding window.

Figure 4.5: Region Proposal Network (RPN). A 256-d feature map is extracted from
the sliding window. At most k region proposals with different shapes are predicted
for each window (k=15). After that the feature map is passed to two convolutional
layer which give the 2k scores and the 4k predicted boxes coordinates corresponding
to the k anchor boxes. The illustration comes from the Faster R-CNN paper [22].

The list of RPN proposals contains boxes that high overlap with each other.
The non-maximum suppression (NMS) algorithm is used on all the proposals to
reduce this redundancy. The IoU threshold for NMS is set to 0.7. The Section 4.2
defines IoU and explains how the NMS works. The number of proposals is greatly
reduced while keeping at least the same detection accuracy. After that the best
proposal boxes according to their scores are selected to perform detection by the
Fast R-CNN detector.

Fast R-CNN Detector

The Fast R-CNN detector takes as inputs a feature map and a list of regions
of interest described by their coordinates. The regions of interest (ROIs) are the
proposal boxes obtained by the RPN and the feature map must be the same one
used as the input to the RPN. It consists of a ROI pooling layer [14] followed
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by several fully connected layers ended by two separated FC layers, namely the
box-regression layer and the box-classification layer. A problem is that the regions
of interest have different sizes while the FC layers requires a fixed-size input. The
ROI pooling layer solves that by producing a fixed-size feature map from the
non-uniform ROIs. The resolution of the feature map output is l × l defined a priori
and it doesn’t depend on the resolution of the feature map or the size of the boxes.
For every ROI, it extracts the part of the feature map corresponding to it and
divides it into l equal-sized sections. After that a max pooling is applied meaning
that the maximum value of every section is kept forming a fixed-size feature map.
This new feature map is flatten to create a feature vector to feed the FC layers.
An example of the ROI pooling layer with a 4 × 4 output is shown in Figure 4.6.
Moreover, this process increases significantly the detection speed in general. If one
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Figure 4.6: ROI pooling example on one channel of 10 × 9 feature map and a
6 × 7 ROI in red. The outputs for all ROI have 4 × 4 resolution. The numbers are
only meaningful for the example. The section of the feature map corresponding to
the ROI is extracted and divided in 4 pieces. A max pooling is applied on every
section.

should use a CNN as explained in the first paragraph 4.1, one should pass every
ROI of the image into it and get different feature maps for each of them (as done
by a R-CNN). In this case, the same feature map is used for each proposal which
allows to avoid the calculation of many features and thus save time.

Once each of the regions of interest has been processed, each extracted feature
map is passed to several fully connected layers. Afterwards the last output of these
is used by two FC layers in a way similar to the RPN. The box-classification layer
gives the scores of having a bird or not in the boxes (a softmax layer can be used
to get the probabilities) and the box-regression layer gives the coordinates of the
final bounding boxes of the birds.
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Feature Pyramid Network

The Feature Pyramid Network (FPN) is added to the Faster R-CNN back-
bone to generate multiple feature map layers with different scales while improving
the relevancy of the features compared to the classic backbone. These new feature
maps are going to be used for detection. The idea is to combine the strong semantic
features from the low-resolution feature maps with the high-resolution ones which
have weak semantic features. Therefore a feature pyramid is obtained with rich
semantics at all levels [18]. The FPN backbone is composed of a bottom-up and a
top-down pathway as shown in Figure 4.7. The bottom-up pathway corresponds
to the fully convolutional backbone discussed previously, ResNet50, MobileNetv3
Large or MobileNetv3 Large-320. The backbone can be decomposed into blocks
of convolutions. I will continue to explain with the ResNet50 backbone and its
last blocks where the last outputs of them are denoted by {C2, C3, C4, C5}. The
resolution of the feature maps decreases while their semantic meaning increases
with the depth of the network. The top-down pathway constructs high-resolution
feature maps by upsampling the last strong semantic features of the the bottom-up
pathway using convolutions. Moreover the new feature maps are linked via lateral
connections to their corresponding feature maps of the bottom-up pathway. The
lateral connection merge them together. This avoids to lose spatial location infor-
mation of the objects due to downsampling and upsampling.

Figure 4.7: Feature Pyramid Network Diagram. The top-down (right) is connected
via lateral connections to the bottom-up pathway (left). The blue outlines indicate
the feature map and thicker outlines denote semantically stronger features. The
last strong semantic feature map is upsampled and combined with the feature maps
of the bottom-up pathway to create a feature pyramid (right) with rich semantics
at all levels. The illustration comes from the Feature Pyramid Network paper [18].

To do so, a first 1 × 1 convolution is applied on the last feature map C5 to
reduce the channel depth to 256-d. It becomes the first feature map layer called
P5 for detection as shown in Figure 4.8. After that it is upsampled by a factor 2
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using nearest neighbor upsampling and added to the corresponding feature map C4
on which a 1 × 1 convolution is also applied. The second layer P4 is then obtain
by applying a 3 × 3 convolution to reduce the aliasing effect of upsampling. This
process is repeated until the block C2 included.

Backbone (ResNet50)

Block1 (C1)

Block2 (C2)

Block3 (C3)

Block4 (C4)

Block5 (C5)

Block2 (C2)

1x1 Conv

1x1 Conv

1x1 Conv

1x1 Conv

⨁

⨁

⨁

3x3 Conv

3x3 Conv

3x3 Conv

P5

P4

P3

P2

2x up

2x up

2x up

Figure 4.8: Feature Pyramid Network Architecture with a ResNet50 backbone.
The backbone can be divided into five blocks of convolutions. {C1, C2, C3, C4, C5}
correspond to the last feature map of each block and {P2, P3, P4, P5} are the strong
semantic feature map obtained by FPN. The upsampling by a factor of 2 is done
using nearest neighbor upsampling (2x up).

The feature maps {P2, P3, P4, P5} calculated by the FPN are passed to the RPN
explained above. The RPN generates ROIs for each of them. Note that the RPN is
the same for each scale level and so its parameters are shared. After that the ROIs
must be assigned based on their size to the most appropriate feature map. The
feature map Pk is chosen for a ROI of width w and height h using the following
formula [18, p. 4]:

k = ⌊k0 + log2(
√

wh/224)⌋, (4.3)
where k0 = 4. Once the feature map is chosen for each ROI, the Fast R-CNN
detector is applied to get the final predictions.
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4.2 Bounding Box Filtering

4.2.1 Non-maximum Suppression
Intersection-over-union

The intersection-over-union (IoU) measures the overlap between two bound-
ing boxes. It is defined as the ratio of the area of overlap to the area of their union
as illustrated in Figure 4.9. If the two boxes intersect perfectly then IoU equals 1.
If there is no intersection, IoU equals 0. Its value is between 0 and 1. The IoU can
be used as a performance metric where the two bounding boxes are a ground-truth
box and a predicted box by the models. But in this section or in the Faster R-CNN
approach, the two bounding boxes correspond to predicted boxes.

IoU =
Overlapping area

Union area
=

Figure 4.9: Definition of the Intersection-Over-Union. It is the ratio of the area of
overlap to the area of their union. They are both highlighted in blue.

Non-maximum Suppression (NMS)

Once we have the detections given by the Faster R-CNN models, the non-
maximum suppression algorithm is used to filter most of the false positives and
obtain the final bird detections i.e. the final bounding boxes. NMS is based on
the IoU and the confidence score associated to each detection. The inputs are the
set of predicted bounding boxes B, the list of their confidence scores and an IoU
threshold N . The NMS algorithm works as follows:

1. Find the bounding box in B with the highest confidence score, put it in the
final detection list and remove it from B.

2. Calculate the IoU between this box and the rest of the boxes called D. For
each of these boxes, remove it from B if the IoU is greater than N .
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3. Repeat the two first steps by finding again the bounding box with the highest
score and use it to filter the other boxes which overlap too much with it, until
B is empty.

One problem with NMS is the threshold itself, which is often the case for algorithms
using threshold. Firstly, it can be difficult to find the threshold that works the best
in most cases and gives the best performance. Secondly, the threshold gives strict
decisions, a detection is correct or not without other possibilities. It is especially a
problem with overlapping birds detection. For example, if two overlapping birds
are properly detected with high confidence scores but with an IoU greater than the
threshold N , the bird with the highest score is kept while the other is discarded.
Therefore a bird is missed and the precision of the models decreases. A revisited
version of the NMS, called Soft-NMS, has been developed to overcome this problem.
It’s an improvement track and is not done in this thesis.

Soft-NMS

Instead of directly remove the bounding boxes i.e. the birds with IoU values
above the hard threshold, the idea is to decrease their confidence scores according to
their IoU values i.e. how they overlap with the bounding box with the highest score.
The confidence score decreases if the overlap increases. In this case, no detection is
suppressed. The Soft-NMS algorithm works in the same way as the NMS algorithm
described above but the step 2 updates the score instead of removing the box. Let
D be the remaining boxes which changes at each iteration. The confidence score si

of the boxe di ∈ D is updated using a Gaussian function as follows:

si = sie
− IoU(h,di)2

σ , (4.4)

where h is the box with the highest confidence score and σ is set to 0.5 as in the
paper [7].

4.2.2 Simple Threshold Filtering
After NMS, I filter the detections which have a confidence score greater than a
common hard threshold of 0.1. The birds are mostly flying in the sky but sometimes
there is a background or a ground. Sometimes some objects, for example a part of
a tree, are detected with very low confidence scores close to zero. The correctly
detected birds have a confidence score close to 1. The threshold depends on the
application of the toolbox. If we want a toolbox more robust, a threshold of 0.5 is
good. If we want to count the birds for example, a threshold of 0.1 is more suitable
to just eliminate the very bad results.
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4.3 Training & Validation
The models are pretrained with two different big and well-known datasets. The
backbone is pretrained on ImageNet and the Faster R-CNN models are pretrained
on a subset of COCO train2017. From this starting point, I fine-tune the models
with the bird dataset. Note that the object classifier in the Fast R-CNN detector
is made for the classes of the COCO dataset. Therefore the classifier is replaced
by a new one with two classes (bird and not a bird) which is trained from scratch.
Due to the limited size of the dataset, I performed data augmentation to increase
the amount of data available for training and validation described in Chapter 3.
The results of this section are made without the non-bird dataset. A performance
comparison of the dataset with and without an additional non-bird dataset is made
in Subsection 4.4.1.

The Faster R-CNN network can be seen as a function that takes as inputs,
images and gives as outputs, bounding boxes coordinates and bird scores. This
function depends on a lot of unknown parameters, the weights of the convolutions
or fully connected layers for example. A loss function is used to tell us how bad
the outputs are and change these parameters accordingly. It makes the difference
between the true outputs (given by the dataset) and the predicted outputs. Train
the models is then learn the parameters that reduce as much as possible the loss
function value. It’s a optimisation problem where the difference between the predic-
tion and the goal is minimized. The optimization algorithm used is the Stochastic
Gradient Descent (SGD) [8]. It updates the parameters based on the gradient of
the loss function with respect to these parameters, and a learning rate (LR) which
determines the fraction of the gradient used to adjust the parameters. The LR
is very important since it is responsible for the good convergence of the model.
Other hyper-parameters are used as for instance, momentum and weight decay for
faster convergence and regularization respectively. I tested the widely used Adam
optimizer but it didn’t work as well as SDG. The dataset is split into small groups
of images, called batches. The network is applied on all the images of a batch
before updating the weights. To be more precise, the name of the algorithm is then
Batch Gradient Descent where SGD is used on batches [5]. Once the network is
trained over all the batches i.e. the entire dataset, the process is repeated several
times defined by the number of epochs. Moreover, a LR scheduler is used with the
optimizer. It is a pre-defined schedule that reduces the learning rate after each
epoch during the training and allows to improve the convergence to the minimum.
Finally, the RPN and the Fast R-CNN detector can not be trained separately since
they share the same convolutional layers. Therefore, a 4-step Alternating Training
algorithm is adopted to train them as a unified network [22].

22



The models are trained on 576×576 images and a batch size of 8 to fit the GPU
memory. The training is analyzed using the learning curves discussed in Subsection
4.3.1 which shows the evolution of the training and validation losses (from RPN and
Fast R-CNN) during the training. For Faster R-CNN with a ResNet50 backbone,
the learning rate for SGD is 0.005 found from another project [1]. I tested LRs of
different orders, 0.05 and 0.0005 but they didn’t improve the validation losses. For
the two MobileNetv3 backbone, I found that a learning rate of 0.0005 works best.
For the three backbones, a ReduceLROnPlateau scheduler reduces the learning
rate when the average of the four validation losses remains unchanged over the
epochs.

4.3.1 Learning curves of the models
The learning curves (LCs) allow to observe how the model performs on the unseen
data from the validation set during the training. The performance of the trained
models on the training and validation set is evaluated after each epoch. The
performance in this subsection is given by the different loss values (4) of the Faster
R-CNN models. The smaller the loss, the better. There are two loss values from
the Region Proposal Network for the object classifier and the box regressor, namely
RPN Objectness Loss and RPN Regression Loss respectively. There are also two
ones from Fast R-CNN for the final bird classifier and the final bounding box
regressor, Classifier Loss and Box Regression Loss. The epoch loss values are
the averages of the values obtained for each batch. Moreover, cross-validation
is used over 30 runs to estimate the expected performance of the models. After
each run, the entire dataset is shuffle which changes the training and validation
set. Note that there is no link between the runs, models are retrained from the
beginning for each run. The LCs in Figure 4.10 show the mean and the 95%
confidence interval of the loss values obtained for these runs. For each graphic,
one can observe that a gap is made between the training and validation learning
curves. It means that the training set isn’t enough to learn properly the problem
and obtain good performance on the validation set. The models don’t learn any
new information since the validation loss stops improving while the training loss
continues to decrease. Therefore it seems that data augmentation isn’t enough
to solve the lack of data and that more data need to be added to the dataset.
Moreover for some graphs, mainly the Box regression loss, the validation loss starts
to increase after some epochs. The models overfit the training data and lose its
ability to generalize to new data. But in this case, the overfitting problem is small
and only concerns one loss. The Figure 4.11 compares the overall loss i.e. the mean
of the four loss values, for the three backbones. If one looks at the best validation
loss obtained for all epochs, the ResNet50 backbone obtains a minimum loss (0.26)
almost three times larger than the MobileNetv3 minimum loss (0.74). And it is
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more than four times the MobileNetv3 320 minimum loss (1.13). The final models
used to perform the detection in Section 4.4 are those that give the best overall
validation losses over the epochs.

4.3.2 Performance evaluation
The performance of the final trained models is evaluated on the validation set
with the mean average precision (mAP) which is a widely used metric in object
detection. The images of the validation set weren’t used for training and are fed to
the models to perform bird detection. For each image, one have the ground-truth
bounding boxes, the predicted bounding boxes and the corresponding confidence
scores. A detection is considered as correct (true positive) if the IoU of its predicted
bounding box with a grounth-truth box is greater than a specific threshold. If there
are several correct predictions for one ground-truth box, only one is considered as
true positive (TP) while the rest as false positive (FP). The detections below the
threshold are incorrect (FP). Once every detection has been classified as TP or
FP, they are sorted by their confidence score in descending order. After that, the
precision-recall curves can be calculated. The curves are constructed by calculating
the precision and the recall and accumulating the detections one by one. The preci-
sion is the ratio between the number of true positives and the number of detections.
The recall is the ratio between the number of true positives and the number of
birds in the validation set (constant). Finally, the average precision is obtained by
calculating the area under the precision-recall curve. The mAP is the average of AP
of the classes of the models. It is then equivalent to the AP since there is only one
relevant class, the bird. Two mAPs are calculated with an IOU threshold of 0.5 and
0.75. The results are given for each model in Table 4.1 with the CPU time in sec-
ond to perform detection on one image of resolution 576×576 (mean over five runs).

The precision-recall curves for the three models in Figure 4.12 show different
performances. The "true" performance of the models, the performance when NMS
is applied with a IOU threshold of 0.2, and the performance when NMS is applied
followed by a filter (4.2.2) with a threshold of 0.1. By looking at the mAPs, it
seems that the NMS doesn’t decrease the performance of the models but if one
looks at the prec-rec curves, the last precision is much higher than without NMS.
The recall is a bit smaller which decreases the area and so the mAP. NMS rejects
many overlapping bounding boxes, which is often relevant, but if some birds overlap
significantly, it will result in missed detections and reduce the recall. The filter
increases the precision and keep the same recall by filtering the bounding boxes
with very low confidence scores. The mAP .75 is more strict in the way it chooses
if a box is a true positive or not. One can observe that it drops greatly for the
MobileNetv3 320 backbone compared to the others.
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mAP.50 mAP.50
NMS mAP.75 mAP.75

NMS CPU Time(s)/img
ResNet50 97.1 94.6 75.5 74.3 5.09

MobileNetv3 94.3 90.6 66.7 65.8 0.69
MobileNetv3 320 77.9 73.9 44.8 43.7 0.19

Table 4.1: Mean average precision (mAP) with two different IOU thresholds, 0.5
and 0.75 for the three models. NMS means that the NMS algorithm (with a 0.2
threshold) is applied after the detections obtained by the models. The last column
shows the detection time in second for an 576 × 576 image.

4.3.3 Slicing Aided Hyper Inference
The Slicing Aided Hyper Inference (SAHI) has been developed for the detection
of small objects, especially on very large images. The image is divided into small
overlapping slices which are fed to the detection model. It allows to increase the
pixel areas of small objects compared to the image. After that, the detection is
performed independently on every slice. The predicted results are then merged
using NMS with a threshold of 0.5 and resized for the original image.

4.4 Results
The detection results on 576 × 576 images in Figure 4.13 show that the Faster
R-CNN with a ResNet50 backbone is able to correctly detect multiple birds even
when they overlap. The Faster R-CNN with a MobileNetv3 backbone gives really
good results and is 7x times faster than the ResNet50 backbone according to
Table 4.1. Sometimes they both miss overlapping birds. The Faster R-CNN with
MobileNetv3 320 are not able to deal with birds of small size. It can’t detect
overlapping birds or birds close to each others but isn’t so bad to detect isolated
non-overlapping birds. It seems to work well if the birds have a sufficient size.

The results on large images on which the SAHI algorithm is used, is shown in
Figure 4.14. SAHI cuts the images into overlapping 224 × 224 slices. The images
have a resolution of 3456 × 6144 corresponding to 527 slices per image. The first
image gives the detections of the ResNet50 model without SAHI. It cannot detect
precisely the birds. The other models don’t detect anything. With SAHI, it seems
that the two MobileNetv3 models work better than the ResNet50 model. They are
even able to detect the very small birds above the horizon. Moreover the three
models make many false detections on non-birds objects which is not a surprise.
The detection times with the Resnet50, MobileNetv3 and MobileNetv3 on one
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image, are 222.61, 203.1 and 43 seconds respectively.

4.4.1 Comparison with/without additional non-bird dataset
The results in Figure 4.13 and 4.14 are obtained by the models trained on the
bird dataset. In this subsection, they are compared with the models trained with
an additional non-bird dataset (nbd) explained in Section 3. The three Faster
R-CNN models are trained in the same way as in Section 4.3. The image on the
left in Figure 4.15 shows that the ResNet50 Faster R-CNN without nbd can’t make
the difference between a plane and a bird, and make false detections on non-bird
objects. The idea with this additional non-bird dataset, was to make the models
more robust for this kind of situation. In fact, the same model trained on nbd
doesn’t detect anything on this image. But the image on the right shows that it
has difficulties that detect overlapping birds or birds very close to each others. It
may be due to the fact that the non-bird dataset reduces the percentage of bird
images in the entire dataset. This problem may be solved by adding more data and
increase the data augmentation. This observation can also be found in Figure 4.16
where the models trained with nbd, are used with SAHI on a large image. One can
see that the ResNet50 model with nbd, is able to detect every bird and doesn’t
make any false detections. For the other models, one can remark that the number
of false detections of non-bird objects is reduced.
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Figure 4.10: Learning curves for the three models. They show the mean and the
95% confidence interval of the loss values at each epoch over 30 independent runs.
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Figure 4.11: Learning curves of the overall validation loss for the three models. The
overall loss is the average of the four validation losses. The minimum overall loss for
ResNet50, MobileNetv3 and MobileNetv3 320, are 0.26, 0.74 and 1.13 respectively.
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Figure 4.12: Precision-recall curves for the three models and the two different mAP
with a threshold of 0.5 and 0.75. The blue curve shows the detection results of the
models. The orange curve shows these results after NMS with an IOU threshold of
0.2. The red one shows the detection results after NMS and a filter with a threshold
of 0.1.
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ResNet50 MobileNetv3 MobileNetv3 320
Figure 4.13: Detection examples with the three models. The first column corre-
sponds to the ResNet50 model, the second to MobileNetv3 model and the last
one to MobileNetv3 320 model. The images have a resolution of 576 × 576 as the
images from the dataset.
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ResNet50 ResNet50 + SAHI

MobileNetv3 + SAHI MobileNetv3 320 + SAHI
Figure 4.14: Detection with the three models using the SAHI algorihtm with
224 × 224 slices. The first image is without SAHI. The images have a resolution of
3456 × 6144.

Figure 4.15: Left: Detection with the ResNet50 model trained without the non-bird
dataset. The model trained with it, doesn’t detect anything. Right: Detection
with the ResNet50 model trained with the non-bird dataset. The detection without
it, is shown in Figure 4.13.

31



ResNet50+SAHI without nbd ResNet50+SAHI with nbd

MobileNet+SAHI with nbd MobileNet 320+SAHI with nbd
Figure 4.16: Detection comparison of the three models on large image trained with
an additional non-bird dataset (nbd). The SAHI algorithm is used with 224 × 224
slices. The images have a resolution of 3456 × 6144.
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Chapter 5

Keypoint Detection

In this section, a very simple method based on [25] and [26] is used to extract the
key points of the birds. The key points are the head, the tail and the two wings.
For the moment it is limited to birds flying in side view but it can be extended
as explained in the papers. Moreover, this method can not handle overlapping
birds or small birds. Once the bird detection is made on the image, every region
surrounded by a bounding box is extracted. An example is shown in Figure 5.1.
The key point extraction is made on every region. It is then important to have
a good bird detector. The idea is to substract the background from the image
and isolate the bird (2). Then the contour of the bird is found (3). If there are
more than one contour, the biggest is kept. After that, the extreme point on the
left (red) and on the right (blue) are extracted. The black point is the middle
of the line joining these points. By looking at two consecutive frames, the head
and the tail can be associated to these points knowing the flying direction of the
bird. Finally the wings (green) are the farthest points from the longitudinal axis.
The graphic 5.2 shows the distance between each point of the contour and this
axis. The two local maximum of the curve are the wings of the birds (in the flying
position). It is difficult to distinguish the left from the right wing. The image (4)
shows the final result.
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(1) (2)

(3) (4)

Figure 5.1: Illustration of the steps to extract the key points. (1) Extracted region
after the detection made by Faster R-CNN. (2) Background substraction. (3)
Contour of the bird. Only the biggest one is kept. (4) Final results. Green points
are the wings, blue point the head and red point the tail.
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Figure 5.2: Distances between the points of the contour of the bird and the
longitudinal axis. The two local maximum correspond to the wings.
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Chapter 6

Conclusion

I investigated three different Faster R-CNN models, with a ResNet50, MobileNetv3
and MobileNetv3 320 feature extractor. I studied the trade-off between accuracy
and speed. MobileNetv3 get very good detection results compared to ResNet50
while being much faster. They are both able to detect multiple bird and deal with
overlapping birds. The speed of the MobileNetv3 is very impressive but comes
with a very bad accuracy. It can only detect non-overlapping birds which are not
too close and have a sufficient size. Moreover, the SAHI algorithm allows to detect
the birds, potentially small, on very large images which is often the case with bird
photographs. Despite the false detections made on the ground, MobileNetv3 and
MobileNetv3 320 get good detection results (with non-overlapping birds) while
being 11 and 52 times faster respectively than ResNet50 on a 3456 × 6144 im-
age. With this algorithm for large image, one can see the advantage to have a
fast model even if one loses a bit of accuracy. In addition to that, by training
these models on the same dataset with an additional non-bird dataset, promis-
ing results were obtained. The idea with the non-bird dataset is to increase the
robustness on non-bird objects, especially planes which have a similar shape as
the birds. In fact, the false detections on non-bird objects are reduced but the
models, mainly ResNet50, are no longer able to detect properly the overlapping
birds or birds that are close to each other. These observations are probably due
to the number of non-bird images which only corresponds to 20% of the bird
dataset. By increase the size of the dataset, one could solve these problems and
obtain much more robust and efficient models. In this thesis, videos are processed
frame by frame independently and so, the movement of the bird isn’t taken into
account. I tested the SORT tracking algorithm [6] to track the birds into the videos
and try to improve the detection, for example when birds start to overlap in fu-
ture frames. I didn’t succeed to get relevant results but it needs more investigations.

In regards to the keypoint detection, the provided method is very simplified
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and can be improved. However, deep learning techniques are very popular today.
The problem is always the lack of data. For the moment, most of the available
datasets for keypoint detection, are for humans, cars and some specific animals.
To use the deep learning techniques for birds, one should first construct a labeled
dataset. I labeled 60 images from the bird dataset with the four key points. Antoine
Vanderschueren, research assistant at Université catholique de Louvain, trained the
OpenPifPaf algorithm with them. The results have many errors but are interesting
especially with the very small size of the dataset. Finally, the KeyPoint R-CNN,
a extension of the Faster R-CNN, could be interesting. A branch is added next
to the Fast R-CNN to perform the keypoint detection. Therefore, the bounding
boxes and the key points are obtained in the same time using the same feature
extractor. This could also lead to better detections by forcing the network to learn
more about the representation of birds.
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