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Abstract
With the rapid evolution of machine learning and artificial intelligence faster and
more robust network architectures are developed. This is possible due to the in-
crease in computational power, improved algorithms and the creation of large scale
annotated datasets. Re-purposing these state of the art networks using transfer
learning allows for customized models to be created and applied to niche problems.
In this paper, we create an object detection application able to detect interference
points in anechoic testing chambers. The application runs detection on a mobile de-
vice using networks created with TensorFlow Lite. Utilizing the detection result the
application can give advice on how to improve the installation in the testing cham-
ber and can thus enforce a baseline for how installations are conducted increasing
the repeatability of tests. The end product is an android application running on a
mobile device able to detect interference points in 13 FPS for two different testing
chambers. The two object detection networks used achieved a mean average pre-
cision score of 0.8765 and 0.8650 and a average recall score of 0.7212 and 0.6997
respectively.

Keywords: Android Studio, Anechoic Chamber, Machine Learning, Object Detec-
tion, Single Shot Detector, TensorFlow, TensorFlow Lite, Transfer Learning
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Sammandrag
Med stora framsteg inom maskininlärning och artificiell intelligens kan snabbare och
robustare nätverk skapas. Detta möjliggörs av bättre datorer, förbättrade algorit-
mer och uppkomsten av stora annoterade dataset. Med hjälp av transfer learning
kan dessa moderna nätverk återanvändas till anpassningsbara modeller för nischade
problem. I rapporten skapas och används en object detection applikation för att
upptäcka störningsmoment i installationer i en ekofri testkammare. Mobilapplika-
tionen använder sig av nätverk skapade med hjälp av TensorFlow Lite för att hitta
störningsmoment. Genom att använda resultaten från nätverken kan applikationen
rekommendera förbättringar för installationen. Med detta kan en minimal standard
för installationer införas vilket ökar repeterbarheten för testen. Den slutgiltiga ap-
plikationen fungerar för android enheter och kan upptäcka störningspunkter i 13
FPS för två olika testkammare. De två nätverken som användes uppnår ett mean
average precision värde på 0.8765 and 0.8650 och ett average recall värde på 0.7212
och 0.6997.
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1
Introduction

1.1 Background
The field of machine learning (ML) and artificial intelligence (AI) keeps on evolving
and new use cases are discovered every year. One sub-field which has advanced a
lot in the last decade is object detection, this is the practise of detecting semantic
objects in images and video feeds. This evolution comes primarily from the increase
in computational power, improved algorithms and creation of large scale annotated
datasets [6]. Object detection is versatile and can be used in many areas such as
self-driving cars, video surveillance and medical diagnoses.

Training a network to perform object detection is a time consuming task which re-
quire a lot of data. To bypass these drawbacks state of the art networks pre-trained
on huge datasets can be re-purposed using a technique called transfer learning. The
idea behind transfer learning is to avoid training an entire network. Instead, by
keeping the feature selection of the pre-trained network and only teaching it the
new mappings between features and objects the time and data needed for training
a high quality object detector is greatly reduced. Evaluating the performance of the
object detector is commonly done using the metrics precision, recall, mean average
precision (mAP) and the speed at which it can perform predictions.

Many state of the art object detection networks maximize performance on the ex-
pense of speed. This means that they are designed for producing high quality
prediction in a reasonable time on a graphics card. These types of networks are
not fit to run on mobile devices which lack the computational power needed, and
especially not as a real time application. Fortunately, there are networks designed
exactly with this use case in mind. These networks in combination with libraries
designed for deploying machine learning solutions allow for implementing robust
models trained on self made datasets without having to create and train a model
from scratch. This, as mentioned before, greatly reduces the implementation time
and is what allows this project to be feasible in a limited time frame.

1.2 Problem Statement
When developing radio equipment, testing is a crucial step to determine the per-
formance of a product. Faulty tests may lead to working products being labeled as
defective or the potential of a product being severely underestimated. During test-
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1. Introduction

ing, the strength of a directed beam from a product is measured and to get a truthful
measurement all interference has to be minimized. The main source of interference
comes from signals reflecting off surfaces such as walls and equipment. To combat
this problem the evaluation of a product is performed in an anechoic chamber [7].
This helps reduce the amount of interference coming from the walls, however, signals
reflected off the equipment can still be a major source of interference.

It is not evident by looking at a product rig how much the installation affects the
measured result. The effect of problem areas such as hanging wires, the mast, the
device, etc. on the result is unpredictable. With a lot of variables affecting the re-
sults it is hard to measure the performance of the product and get a reliable statistic
of what it is capable of. Additionally, changing the installation of these components
changes the entire mounting. With countless number of potential ways to install a
component and with no common standard for installations repeatability of a test
becomes near impossible.

The task of detecting problem areas is challenging. For the detection results to be
useful it is crucial that no object is unnoticed or misclassified. A misclassified object
may prove detrimental as the dynamic of the image changes. For example, a wiring
job may be considered well executed if it align with the pole. However, if the pole
is not detected then the drawn conclusion of the image may be that the wiring is
bad. To avoid this a consistent model is needed. Additionally, since the application
is to run on a mobile device the network size needs to be small and the inference
time low.

1.2.1 Scope
A number of goals have been set to reach the desired application. The final appli-
cation is expected to be capable of detecting points of interference as well as relay
relevant information depending on the detection.

• Achieve high quality custom datasets containing images from the ancehoic
chambers at Ericsson.

• Obtain models which perform well on test data to run inference in real time.
• Apply the models in an application to locate and suggest actions to minimize

interference sources using the camera feed of a mobile device.
• Evaluate performance of the end product in the measurement facility using

several interference scenarios.

In the process of reaching these goals a set of challenges has been recognized.

• Research and evaluate different object detection models to find suitable net-
works for the application.

• Gather and annotate images to create datasets which can be used in conjunc-
tion with transfer learning to train the networks.

• Design a reliable method for using object detection anchor boxes to discover

2



1. Introduction

possible points of interference.
• Create a method for using points of interference to propose possible actions

that can be taken to improve the installation.
• Build a mobile application combining the developed functionality into an easy

to use format.

By meeting these requirements the application is able to detect and recommend
fixes to resolve mounting mistakes found in the anechoic testing chambers. This
application can enforce a minimum baseline for how installations of antenna systems
are carried out in the anechoic testing chambers. This will enforce a standard for how
installations are done and will reduce variation in results between tests increasing
the repeatability of the tests.

1.3 Thesis Outline
The report is divided into six chapters, introduction, theory, method, result, dis-
cussion and conclusion. The first chapter, introduction, introduces the subject of
object detection, machine learning and the problem statement which the paper aims
to solve. The problem statement is followed by a scope where the goals of the project
is discussed and challenges are recognized. Lastly, an array of related works from
different fields are presented.

The second chapter, theory, aims to provide relevant background information about
different techniques, tools and programs used in the paper. This knowledge enables
the reader to follow the steps taken in the method section and also to follow the
discussions and conclusions of the paper.

The third chapter, method, describes the path taken and the decisions made when
achieving the goals from section 1.2.1. The chapter also explains how the different
challenges were faced, using techniques introduced in the theory chapter.

The fourth chapter, results, presents the results gathered from the training and
evaluation of different networks, the final application and the impact of poor instal-
lations.

The fifth chapter, discussion, discusses the results presented in the previous chapter
and relates them to the goals of the project described in section 1.2.1.

The last chapter, conclusion, summarizes the outcome of the project and evaluates
its success. Additionally potential future work is presented and discussed.

3



1. Introduction

1.4 Related Works
Object detection is a powerful tool that has been applied successfully to solve prob-
lems within a multitude of fields. Below a set of papers displaying the possibilities
of object detection is presented alongside a paper discussing how to create a high
quality dataset.

1.4.1 Object Detection in Medicine
Research has been done previously in implementing object detection to aid in med-
ical diagnoses. In the paper Detecting and classifying lesions in mammograms with
Deep Learning Ribli et al. [8] proposed a network modeled using the faster R-CNN
architecture VGG16 to detect lesions in mammograms and determine whether they
are malignant or benign. Their solution achieves an Area Under the Curve (AUC)
score of 0.85 on their validation set and a 90% accuracy on the INbreast dataset
with only 0.3 false positive marks per image.

In Applying faster r-cnn for object detection on malaria images Hung and Carpenter
[9] propounded an method for detecting malaria in microscopy images of malaria-
infected blood. The network is a combination of two steps, a faster R-CNN network
followed by an AlexNet both pretrained on the ImageNet dataset [10]. Using only the
first step the obtained accuracy is 59% and using the whole model this increased to
98%. Comparing their method to an human annotator they found that the network
far surpassed human annotations which achieved an accuracy of 72%.

1.4.2 Object Detection in Self-Driving Cars
In the paper Self-Driving Cars: Evaluation of Deep Learning Techniques for Object
Detection in Different Driving Conditions Simhambhatla et al. [11] applies three net-
works, Single Shot Detector (SSD), Region Based Convolutional Neural Networks
(R-CNN), Region Based Fully Convolutional Networks (R-FCN) for the task of de-
tecting traffic objects in varying weather conditions, Day, Night, Rainy and Snowy.
The study is conducted in two steps, the first step assesses the pre-trained version
of the networks to find the best network for the task. The second step studies the
effects of applying transfer learning to the best performing network. The results con-
clude that the R-CNN is the best pre-trained network. Further, the custom network
re-trained using transfer learning achieves better mAP score in two of the weather
conditions, comparable in one and worse in one. Also, using the custom network
reduces inference times by 3 seconds per image which is a 85% speed increase.

1.4.3 Object Detection in Mobile Devices
As previously mentioned there are differences which has to be considered when
running object detection on a mobile device instead of on a computer. One such
difference is the amount of computational power available in the two devices. In
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the paper Mobile Object Detection using TensorFlow Lite and Transfer Learning
Alsing [12] employ and compare TensorFlow models pre-trained for usage in mobile
devices for the detection of post-it notes. The models are downloaded from the
TensorFlow model zoo and fine tuned for the desired task using transfer learning.
Solving the problem using transfer learning saves a lot of time and lowers the need of
data. The resulting networks are able to find post-it notes with over 90% accuracy
for models that run inference with a frame rate of around 2 frames per second (FPS).

1.4.4 Dataset Creation
There is no universal standard present when creating a dataset. However, Gebru et
al. in the paper Datasheets for datasets [13] proposes a datasheet used for describing
the characteristics, usage and general information of a dataset. Adding this infor-
mation allows its users to make informed decisions when working with the dataset
thus avoiding discriminatory biases. This idea has since then been adopted both by
other academic researchers and companies.
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2
Theory

2.1 Object Detection
Object detection is a field within ML where computer vision is used to identify and
locate objects in an image or video. The identification allows for labeling the differ-
ent objects in the scene while the localization allows for determining the locations
of the objects. In object detection each object of interest is located and identified,
this is what separates object detection from image classification. In standard clas-
sification the scene is labeled and not every object in the scene [14]. This difference
is displayed in Figure 2.1.

Figure 2.1: Figure displaying the difference between object detection and classifica-
tion [1]. Classification determines a label for the entire scene while object detection
determines a label and location for each object in the scene.

Object detection is commonly done according to one of two methods. Either using
ML as done in conventional approaches or using deep learning (DL) as done in state
of the art object detection networks.
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2.1.1 Machine Learning
The ML approach to object detection is traditionally done in three steps, informative
region selection, feature extraction and classification. Informative region selection is
done by scanning the image using a multiscale sliding window. In feature extraction
computer vision techniques such as Histogram of Oriented Gradients features [15–17]
and Scale-Invariant Feature Transform [18, 19] are employed to identify pixels that
belong to the same object. Lastly, a classifier is used to distinguish between the
detected objects. The classification step is usually done using a support vector
machine [20], AdaBoost [21] or deformable part-based model [22] [6].

2.1.2 Deep Learning
As more research in DL is done new tools capable of learning semantic, high-level,
deep features are discovered. These tools help combat the problems present in con-
ventional approaches [6]. The deep architecture of this approach allows for networks
to learn more complex features than what a shallow one could. Further, the power-
ful training algorithms makes it possible to learn informative object representations
without the need to design features manually [23].

State of the art networks such as SSD [4], You only look once (YOLO) [24] and
Visual Geometry Group (VGG) [25] all use deep learning architectures. In these, a
row of convolutional neural networks (CNN) are used to perform feature selection
on the input image. The feature selection result is then handled by a classifier which
predicts the bounding boxes and labels of each object [14].

2.1.2.1 Convolutional Neural Network

A CNN is made up of layers of feature maps. Any feature map inside the CNN is an
induced multichannel image in which each pixel is a specific feature obtained from
adjacent features in the previous layer [23]. Between the layers various transforma-
tions can be applied to the feature maps, such as filtering and pooling [26].

The filtering transformations convolutes a filter matrix of learnt weights with the
values of adjacent neurons and applies a nonlinear function, for example sigmoid [27]
or Rectified Linear Unit (ReLU) [28], to receive final responses. There are also mul-
tiple variations of the pooling transformation, such as max pooling, min pooling,
average pooling, etc. which compiles the information of adjacent neurons into a
single value to produce more robust feature descriptions [28] [23].

Finally, the last layer of the CNN is a fully connected layer where the neurons no
longer resides within a matrix and instead are flatten out to a single row. Here,
depending on the task of the network different activation functions are applied to
the fully connected layer to produce the desired output.
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Figure 2.2: A convolutional network with multiple layers [2] [3].

2.1.2.2 Nonlinear Activation Functions

Using nonlinear activation functions allows the network to learn complex structures
in the data which a network with a linear activation would not capture. One fre-
quently used activation function is ReLU which is explained in Equation 2.1 and
displayed in Figure 2.3.

f(x) =

0 for x < 0
x for x ≥ 0

(2.1)

Figure 2.3: ReLU activation function.

Another commonly used activation function is sigmoid which is explained in Equa-
tion 2.2 and displayed in Figure 2.4. Similar to ReLU this is a nonlinear activation
function capable of allowing a network to learn complex behaviours. Further, the
sigmoid activation has some advantages over ReLU such as that the activation has
a maximum value of 1 which stops the activation from blowing up. However, unlike
ReLU sigmoid is more susceptible to vanishing gradients which drastically reduces
the effectiveness of training on deep networks to the point that nothing is being
learnt [29].

σ(x) = 1
1 + e−x

(2.2)
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Figure 2.4: Sigmoid activation function.

Further, activation functions such as the softmax function is used to transform the
output of a model into the correct output type. Softmax is commonly used in object
detection networks such as the SSD. It is a nonlinear activation function used for
predicting output classes. This is done by normalizing the output of the network to
a probability distribution over the classes transforming an input vector of K values
into a weighted vector of K values that sum to 1. This is done according to Equation
2.3.

σ(zi) = ezi∑K
j=1 e

zj
(2.3)

Here K is the number of classes and zi ∈ IR are the elements of the input vector.

2.1.2.3 Pooling

Pooling layers are used to reduce the size of feature maps. This is done by performing
a operation on a specific area of the feature maps and shifting the location of the
area until the entire feature map has been covered. The type of operation used
depends on which pooling layer is applied, a comparison on the results of applying
different pooling layers can be seen in Figure 2.8. Max pooling selects the largest
value within the area resulting in only the most prominent light features of the
previous feature map being kept. This is done according to Equation 2.4 and the
result of which can be seen in Figure 2.5 [30].

ykij = max
(p,q)∈Rij

xkpq, (2.4)

Where ykij is the resulting output for feature map k around a local neighborhood
Rij centered at i, j for which xkpq is the element at position p, q.
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Figure 2.5: Max pooling layer with filter size of 2x2 and stride 2.

A second type of pooling is min pooling which similarly to max pooling only selects
one value in a neighbourhood of pixels. The min pooling however, selects the smallest
value which leads to only the most prominent dark feature of the previous feature
map being kept. This is done according to Equation 2.5 and the result of which can
be seen in Figure 2.6 [31].

ykij = min
(p,q)∈Rij

xkpq, (2.5)

Here the variables are consistent with Equation 2.4.

Figure 2.6: Min pooling layer with filter size of 2x2 and stride 2.

A third type of pooling is average pooling which works by taking the average of the
values in an area. This results in a downsampled feature map with low translation
invariance, meaning that the resulting smaller feature maps are good representations
of the previous ones. This is done according to Equation 2.6 and the result of which
can be seen in Figure 2.7.

ykij = 1
|Rij|

∑
(p,q)∈Rij

xkpq, (2.6)

Here |Rij| is the area of the pooling window and remaining variables are consistent
with Equation 2.4 [30].
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Figure 2.7: Average pooling layer with filter size of 2x2 and stride 2.

Figure 2.8: A comparison between different pooling layers on an image.

2.1.3 Training/Detection
Detecting objects in an image is done using anchor boxes. An anchor box is a predic-
tion made by a network containing the location of the bounding box (X, Y, Height,
Width) and the predicted class with its confidence score [32]. During training and
inference the network creates thousands of anchor boxes for each image. To evaluate
the anchor boxes a metric called Intersection over Union (IoU) is used. This metric
is calculated as the Area of intersection divided by the area of union between the
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predicted bounding box and the ground truth, this is visually explained in Figure 2.9.

Figure 2.9: Visualization of the IoU of a predicted bounding box and the ground
truth bounding box.

For each of the anchor boxes the IoU score determines whether or not it detects an
object, if the score is larger than some set threshold, often 0.5, the object is detected.
Next, to find the best anchor box for each object the IoU scores are compared and
the worst boxes removed until only the box with the highest score remains. This
procedure can be seen in Figure 2.10. For the network to learn how to predict ac-
curate anchor boxes the weights of the network are changed according to the last
prediction and a learning rate using a method called backpropagation. Also, it is
common to use a decaying learning rate as it supports faster learning of the general
properties of the data while allowing for fine tuning in the later stages of the train-
ing [33]. The goal of the training is to modify the weights of the network so that
the predictions are more similar to the ground truth anchor boxes.

Figure 2.10: Anchor box predictions of two objects in an image being reduced to
the final predictions. The red anchor boxes represent all boxes which has an IoU
score of higher than the threshold, the blue boxes have the highest IoU score for
the respective object and the black boxes are the final predictions of the different
objects.
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2.1.3.1 Backpropagation

Training a network using supervised learning aims to modify the weights of the
network so that the outputs (Ŷ) are closer to some target outputs (Y) which exist
in a training set. By updating the weights of the network the goal is to have it
perform well on test data which it has never seen before. Changing the weights
of the network is done as an iterative process using backpropagation. This is a
technique of relating the effect a weight has on the overall output error and changing
the weights accordingly. The first step to performing backpropagation is to calculate
the error between Ŷ and Y using a loss function. For example, the SSD network
architecture uses a weighted sum of a confidence and localization loss to determine
the error as seen in Equation 2.10. Using this error, the second step is to compute
the partial derivative of the error with respect to every weight, this is done using
the chain rule for partial derivatives and can be seen in Figure 2.11. The last step
is to update each weight to decrease the error. The new weight value is calculated
as seen in Equation 2.7 where η is the learning rate and δE

δW
is the error at weight

W. Once the weights are updated a new input can be fed to the network and the
backpropagation process can repeat [34].

W = W − η δE
δW

(2.7)

Figure 2.11: The figure displays how the error travels back through the network
using backpropagation. The error travels back in steps, therefore, in order to find
the derivative of the error with respect to w1 the error at h1 has to be computed
first. The equations of E, outh1 and neth1 depend on which activation functions and
loss functions are used.
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2.1.4 Evaluation
When evaluating an machine learning models there exist a myriad of different eval-
uation metrics. Three of the main metrics used for evaluating the accuracy of an
object detection model are precision, recall and mAP [35].

2.1.4.1 Precision

Precision is a metric which measures how accurately the model makes predictions,
that is, it gives the percentage of true positive predictions amongst all positive
predictions. In object detection this would refer to the number of correctly classified
objects over the total number of classified objects. The precision score is calculated
as seen in Equation 2.8.

Precision = TP

TP + FP
(2.8)

In the equation above TP stands for true positives and FP for false positives. De-
ciding whether a predicted box is a TP or a FP is done using the IoU score of the
predictions. If the prediction is of the correct class and has an IoU score larger than
the set threshold it is a TP and if the prediction is of either the wrong class with
a high enough IoU score or has too low IoU score the predictions is considered a
FP [36].

2.1.4.2 Recall

Recall is a metric which measures how good the model is at finding all objects in an
image. The recall score is calculated as seen in Equation 2.9.

Recall = TP

TP + FN
(2.9)

In the equation above TP once again stands for true positives and FN stands for
false negatives. The TP are calculated in the same way as for the precision in section
2.1.4.1 and the FN are the objects present in the image which the model failed to
detect [36].

2.1.4.3 Mean Average Precision

The name mean average precision is deceptive as the metric is not the mean of the
average precision scores. Instead, the mAP score is the area under the precision-
recall curve averaged over all classes. Additionally, there exist a metric called average
precision (AP) which is mAP but for a single class. AP is visualized for different
IoU thresholds in Figure 2.12. The way that mAP and AP are used in the industry
differs slightly. According to COCO there is no difference between AP and mAP
while in PASCAL VOC AP is calculated for one object class while mAP is averaged
over all object classes. The way they are used might also differ between object de-
tection challenges [36].
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Figure 2.12: Precision-Recall curve for different IoU thresholds.

2.1.5 Single Shot Detector
The SSD is a state of the art object detection network architecture. It is a lightweight
model that can detect objects with high frame rate and thus can be applied to em-
bedded systems and run object detection in real time. The architecture is based on
a feed-forward convolutional network followed by a non-maximum suppression set
to produce the final detection. The early layers are based on a standard architecture
used for high quality image classification called the base network. On top of the
base network feature layers with different aspect ratios can be added to allow for
detection on multiple scales, Figure 2.13. Multiscale detection helps with achieving
a high accuracy even though a low resolution input is used, using a low resolution
input further increases the speed of the network. In many networks accuracy is
something which has to be sacrificed to achieve fast predictions. However, in the
SSD the bounding box proposals and the subsequent pixel or feature re-sampling
stage has been removed which is a common part in other state of the art networks.
Removing this results in a large speedup for the SSD. In a comparison between the
SSD and other state of the art networks the SSD outperforms the others both in
accuracy and speed as displayed in Table 2.1 [4].

Model Name Speed (FPS) COCO mAP
SSD 59 74.3
Faster R-CNN VGG16 7 73.2
YOLO 45 63.4

Table 2.1: Comparison between SSD, Faster R-CNN and YOLONET [4].
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Figure 2.13: A visualization of the SSD model structure [4].

The SSD uses an image and the respective ground truth boxes for training. Multiple
default boxes with different aspect ratios are evaluated at each location in several
feature maps. For each of these boxes the shape offset and confidences for all classes
are predicted. These default boxes are modified at prediction time to better encap-
sulate the different objects in the image [4].

The loss function used by the SSD is a weighted sum of a confidence loss (Lconf )
and a localization loss (Lloc), this can be seen in Equation 2.10. It is important
to notice that the SSD only penalizes predictions from positive matches [37]. A
positive match is where the default bounding box has an overlap with the ground
truth box which is higher than a set threshold (often 0.5). Lastly, the value of α is
a scalar which determines how much the loss will depend on the localization part
and the confidence part respectively, this parameter is set to 1 when running cross
validation.

L(x, c, l, g) = 1
N

(Lconf (x, c) + αLloc(x, l, g)) (2.10)

In the loss function above, Lconf is a softmax loss which is calculated using multiple
classes confidence scores (c) and an indicator for how well the default boxes match
the ground truth box (x, Equation 2.13). The confidence, softmax, loss can be seen
in Equation 2.11. In the last element of the equation the confidence score of class
0 is subtracted, this is a class reserved to indicate that there are no objects in the
image. The localization half of the loss function (Lloc) is a smooth L1 loss which is
the mismatch between the ground truth box (g) and the predicted box (l) [37]. The
localization, smooth L1, loss can be seen in Equation 2.12. In the equation cx and
cy are used as offset to the default bounding box d which has width w and height
h. Lastly, N is the number of matched default boxes.

Lconf (x, c) = −
N∑

i∈Pos
xpijlog(ĉ

p
i )−

N∑
i∈Neg

log(ĉ0
i )

where ĉpi = exp(cpi )∑
p exp(cpi )

(2.11)
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Lloc(x, l, g)) =
N∑

i∈Pos

∑
m∈{cx,cy,w,h}

xkijsmoothL1(lmi − ĝmj )

ĝcxj =
gcxj − dcxi

dwi
ĝcyj =

gcyj − d
cy
i

dhi

ĝwj = log
(gwj
dwi

)
ĝhj = log

(ghj
dhi

)
(2.12)

xpij =

1 if IoU > 0.5 between default box i and ground truth box j on class p
0 otherwise

(2.13)

2.2 Transfer Learning
Training a CNN require a lot of data to achieve good results. However, more often
than not large-scale datasets does not exist for niche ML problems. Additionally,
training a network from scratch on a large dataset requires a lot of time. Commonly
used datasets in object detection and image classification such as the COCO dataset
and ImageNet contain ∼ 328k and ∼ 14.2m images respectively. Training a network
on a dataset of this size will take weeks to finish [38] [12]. An object detection model
can be split into two main parts, feature extraction which consists of a series of
convolutional layers and classification which consists of fully connected layers as seen
in Figure 2.14. A fully trained network is able to both extract important features
from an image and use these features to identify objects in an image. To reduce
the time spent training a network the feature selection of a pre-trained network can
be reused while the mappings between features and objects (the classification) are
retrained. This requires only a fraction of the data as the majority of the models
does not have to be changed. This works since state of the art networks are proficient
at finding all features in an image even without knowing what objects the different
features correspond to. By freezing the feature selection layers and re-training the
classification the models can be trained in a fraction of the time, with a fraction of
the data and still obtain great results.
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Figure 2.14: Transfer learning on a pre-trained model using a new fully connected
final layer.

2.3 Dataset
A dataset is a collection of labeled data consisting of inputs and expected outputs.
Both the input and expected output can have varying types depending on what
task the dataset is created for. For example, a dataset created for object detection
has images as inputs and anchor boxes as expected outputs while one created for
natural language processing uses text strings for both input and expected output.
The characteristics of a dataset is highly influential towards the behaviour of a model
as a model can not be expected to perform well in an environment not covered by
the dataset. Further, the performance of a model will reflect any biases present in
the dataset [13]. One such bias occurs when a non-balanced dataset is used as the
network can achieve good results even when disregarding rare classes.

2.4 Data Augmentation
Data augmentation is the practice of applying filters and transformation to the data
to increase the size and quality of the dataset. This is an effective way to combat
overfitting, especially when working with limited data. Many augmentation methods
are used to teach the model to generalize. It works under the assumption that an
augmented image is able to provide information not accessible from the original
image [39]. There are a multitude of different data augmentation techniques, some
of which are displayed in Figure 2.15.

2.4.1 Geometric Augmentation
2.4.1.1 Translation

Adding translation to an image results in shifting it either left, right, up or down.
This augmentation type is especially useful to remove a positional bias which if
not removed would result in the trained network predictions to only be accurate on
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centered data [39]. Such bias occurs when the majority of training data is centered
which is often seen in for example face recognition datasets.

2.4.1.2 Rotation

Applying rotation to the image can be helpful to remove a rotational bias, say all
images in the training set captures the object horizontally but in reality it might
be viewed from a skewed angle. Then adding small changes in the angle of the
training input allows the network to also perform well when the angle of the object
differs [40]. As is seen in Figure 2.15 rotation causes fields not covered by the image
to appear, these are often set to either a constant value between [0, 255] or filled
with random or Gaussian noise [39].

2.4.1.3 Flipping

Flipping the input image is a common and simple data augmentation. It is often
used as a method for increasing the size of the dataset and the flip is generally done
in the horizontal direction [41].

2.4.2 Color Augmentation
Altering the brightness, contrast and saturation of the images in the training set
can be useful when the conditions in which the input images are taken varies [39].
Changing the brightness can be used to simulate varying levels of lighting and since
different cameras and lenses provides unique levels of contrast and saturation aug-
menting these will allow the network to predict for images captured with different
devices.

In addition to this, color augmentation can be done by removing the color from the
input data, setting it to grayscale. Transforming the images to grayscale removes
excess information while keeping important features such as shape, edges and texture
making the training more efficient [42]. Additionally, research has shown that the
use of grayscaled images can result in similar accuracy at a lower computational
cost than colored images [42].

2.4.3 Random Erasing
In addition to the augmentation methods mentioned so far which all have been
elementary there exist more complex techniques such as random erasing. This works
by selecting a rectangle at a random location with random size and setting its
content to either a constant value between [0, 255] or replace it with noise. This
augmentation type is used to artificially create occlusion which will make the model
robust when handling objects that are partially covered as it is forced to recognize
objects from a smaller set of visible characteristics [43].
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Figure 2.15: Resulting images after performing different augmentations.

2.5 Confidence Threshold
The confidence threshold is the minimum confidence score of a prediction needed for
a detected object to be present in the final results. When making predictions each
detection is given a confidence score for each of the classes. These scores represent
how certain the model is that the different classes are present within the predicted
bounding box. If the confidence score of an anchor box is lower than a set threshold
then the object is discarded from the prediction. To determine the certainty of the
network a softmax activation function is often applied. Generally a confidence score
threshold of around 0.5 is used, however in the paper Confidence score: the forgotten
dimension of object detection performance evaluation Wenkel et al. [44] discusses a
method for finding the optimal confidence score for a model. Using this method the
recommended confidence score for the SSD-MobileNetV2-320-FPN is 0.4 which is
therefore the selected confidence threshold used in this paper.
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2.6 TensorFlow
TensorFlow [45] is an open source library for machine learning developed by Google.
It provides a large assortment of machine learning models and algorithms that can
be applied to a number of domains including image recognition, natural language
processing and voice recognition. A TensorFlow application can be depicted as
a dataflow graph where each node corresponds to a mathematical operation, eg.
ReLU or Convolutional Layer while the edges are multidimensional data arrays
called tensors. For TensorFlow to be practical to use, applications can be written
in a multitude of languages with Python being the typical choice [46]. However, to
provide faster execution the algorithms provided by TensorFlow are written in high
performance C++ [47]. Additionally, TensorFlow allows for the implementation
of models on a vast assortment of heterogeneous systems with little to no changes
being required [48]. Examples of systems include local machine, cloud clusters,
mobile devices, Central Processing Units (CPU), Graphics Processing Units (GPU)
and TensorFlow Processing Units (TPU).

2.6.1 TensorFlow Lite
TensorFlow Lite [49] is an extension of the TensorFlow library that uses operations
that have been optimized for mobile devices and enables inference directly on the
device with lower latency. Creating a TensorFlow Lite model is straightforward and
is either done using the TensorFlow Lite model maker [50, 51] or by converting a
trained TensorFlow model using the TensorFlow Lite converter [52]. Currently the
support for the TensorFlow Lite converter only covers SSD models [53] resulting in
the collection of possible pretrained models being as seen in Table 2.2. A reason
to use the limited selection of models available for conversion is that the training
of the model can then be performed on a larger dataset. To finalize a converted
network metadata is added. The metadata contains information about the input
and output of the model and consist of both human readable parts and machine
readable parts [54].

Model Name Speed (ms) COCO mAP
SSD MobileNet V2 320x320 19 20.2
SSD MobileNet V1 FPN 640x640 48 29.1
SSD MobileNet V2 FPNLite 320x320 22 22.2
SSD MobileNet V2 FPNLite 640x640 39 28.2
SSD ResNet50 V1 FPN 640x640 (RetinaNet50) 46 34.3
SSD ResNet50 V1 FPN 1024x1024 (RetinaNet50) 87 38.3
SSD ResNet101 V1 FPN 640x640 (RetinaNet101) 57 35.6
SSD ResNet101 V1 FPN 1024x1024 (RetinaNet101) 104 39.5
SSD ResNet152 V1 FPN 640x640 (RetinaNet152) 80 35.4
SSD ResNet152 V1 FPN 1024x1024 (RetinaNet152) 111 39.6

Table 2.2: Statistics of pre-trained models from the TensorFlow 2 Detection Model
Zoo [5] pretrained on the COCO dataset, that can be converted to TensorFlow Lite.
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2.7 Android Studio
When developing applications for Android devices the official IDE to use is Android
Studio [55]. There are three languages that are fully supported for Android app
development, Kotlin, Java and C++. However, with the use of extensions additional
languages such as Go can also be used [56]. Designing an app can be done either
using XML or through a drag and drop menu, allowing for easy customization.
Further, testing an application can be done either on a physical device or on an
emulator available for download in Android Studio.

2.7.1 CameraX
CameraX [57] is a support library for Android Studio which helps with the de-
velopment of camera features in applications. It uses lifecycle-aware components
to perform camera operations such as preview, image analysis, image capture and
video capture. Furthermore, CameraX also resolves device compatibility issues re-
moving the need for device specific code. Using the image analysis of the CameraX
the application can access each frame of a cameras video feed and use it to per-
form image processing or machine learning inference. This image analysis method
is highly customizable with options to determine how the frames are handled, the
size of the frames, etc. [58].

2.8 Real Time Applications
A real time application is a program which achieves enough frames per second for a
users actions to appear instant. An example of a real time application is the camera
application on a mobile phone which displays the camera view in real time to the
user. A frame rate in the vicinity of 24 FPS is needed to accomplish this [59]. If
the frame rate drops below that point actions will look sluggish and delayed. If
the application is slower than the required 24 FPS it can instead be considered
interactive. In an interactive application the FPS is slightly lower and the actions
are somewhat delayed. For an application to have an interactive frame rate it can
be expected to run at a speeds in the vicinity of 10 FPS [60].

2.9 Installation Components
When measuring the performance of radio equipment in a chamber the installation
of the equipment under test (EUT) is a critical element for the overall success and
usefulness of the collected data. A proper and uniform installation provides better
measurement accuracy, better repeatability and a reduced risk of damage to equip-
ment and personnel. The components are installed in differently sized chambers
with names reflecting the length in meters between the product and a reflector.
Two chambers are studied in this paper and will henceforth be referred to as the A9
and A3 chambers.
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2.9.1 Base
The base is a platform on which the mast is attached. The base can be used for yaw
rotation which allows the product to be evaluated in varying orientations during
testing. An example of the base is shown in Figure 2.16 and a graph displaying yaw
rotation can be seen in Figure 2.17.

Figure 2.16: Example image of the base in the A3 chamber.

Figure 2.17: Image displaying the axis of different rotations.

2.9.2 Cabling
Cable management is a crucial part of the chamber mounting. By tightening and
hiding cabling against the pole the operations of the chamber will be smoother and
yield more accurate results. Further, a proper cable managed mounting will reduce
the risk of damaging the chamber and cabling during rotation of the mount. This
will in turn increase the longevity of the chamber thus reducing costs. An example
of the cabling is shown in Figure 2.18.
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Figure 2.18: Example of the cabling in an installation.

2.9.3 Cable Cover
The cable cover shields cables which are moved along with the mast during rota-
tion. As these cables are a fixed part of the installation and cannot be removed
this shielding is used to prevent damages to the cables. Using the cable cover will
increases the longevity of the cables thus reducing costs. An example of the cable
cover is shown in Figure 2.19.

Figure 2.19: A figure displaying a cable cover which is visible in the A3 chamber
but not in the A9 chamber.
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2.9.4 Divider
A divider is in its simplest form a removable piece of absorber which can shield parts
of the chamber such as the mast or pole from the radios signals. Using dividers it is
possible to prevent reflections and re-radiation from surfaces which would normally
not be covered. Proper use of dividers help increase measurement accuracy and
reduce the risk of requiring re-measuring. Also, there exist different dividers for
different radio signal wavelengths and thus the correct ones has to be used to achieve
the best result. Examples of the divider in both the A3 and the A9 chamber can be
seen in Figure 2.20.

(a) Example of a divider in the A9
chamber.

(b) Example of a divider in the A3
chamber.

Figure 2.20: Two dividers, one from each of the chambers.

2.9.5 Mast
Either one or two masts are present when mounting and measuring in a chamber.
The mast provide a surface to mount on while also providing rotation of the EUT.
The mast is often located inside or near the quiet zone and can be moved depending
on the desired mounting and size of the EUT. The quiet zone of an anechoic chamber
is a volume where the reflected electromagnetic waves are lower than a set minimum
[61]. There is also a weight limit of the mast to ensure smooth and safe operation.
Examples of the mast for the A3 and A9 chamber can be seen in Figure 2.21.
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(a) Example of a mast in the A9 cham-
ber.

(b) Example of a mast in the A3 cham-
ber.

Figure 2.21: Two masts, one from each of the chambers.

2.9.6 Pole
A pole is used in the measuring chamber to hold the EUT. It is mounted using one
or two masts depending on the weight and size of the EUT. Using the pole allows
for yaw and pitch rotation instead of yaw and roll, Figure 2.17, simplifying the
movement of non-complex radiation measurements. The pole is often placed as to
allow the EUT to rotate around the turntable center of rotation. There exist many
variations of poles which consists of different shapes and materials. These materials
often have weight limits to ensure smooth and safe operations. Examples of the pole
for the A3 and A9 chamber can be seen in Figure 2.22.

(a) Example of a pole in the A9 cham-
ber.

(b) Example of a pole in the A3 cham-
ber.

Figure 2.22: Two poles, one from each of the chambers.
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2.9.7 Product
The EUT or product is the radio unit mounted and tested in the chamber. There
exist a lot of products with different sizes and weights that broadcast at different
frequencies. As mentioned above the size and weight determine the type of pole it is
mounted on and the number of supporting masts needed. Examples of the product
for the A3 and A9 chamber can be seen in Figure 2.23.

(a) Example of a product in the larger
A9 chamber.

(b) Example of a product in the
smaller A3 chamber.

Figure 2.23: Two antenna products, one from each of the chambers.
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3.1 Dataset
Running detections for two types of chambers where the components and installa-
tion differs requires two different networks. To train these networks one dataset is
required for each of the chambers, the A9 and A3 datasets.

3.1.1 Collecting Data
The majority of the images were captured by hand in the anechoic chambers at the
Ericsson Lindholmen facility. Further, additional images collected from chambers at
other Ericsson locations were available. The mounting in these chambers had minor
differences compared to the ones at the Lindholmen site. These images were included
in the datasets to improve the generalization skill of the networks. The images are
of varying sizes since different cameras and camera modes affect the number of
pixels. Each image is annotated using labelImg which is a free, opensource tool for
graphically labeling images [62]. The bounding boxes and annotations are saved in
pascal VOC format which can be seen in Figure 3.1.

Figure 3.1: Bounding box and annotations in the pascal VOC format.
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3.1.2 A9 Dataset
The A9 dataset consists of roughly 1700 images and 10 000 annotations contain-
ing the objects Cabling, Divider, Mast, Pole and Product. The images contain the
objects in different rotations, compositions and with varying precision in the instal-
lation, further, the images are taken from different angles. Example images from
the A9 dataset can be seen in Figure 3.2 and the number of annotations for each
object can be seen in Figure 3.3.

(a) Example image with bad mount-
ing.

(b) Example image with good mount-
ing.

Figure 3.2: Images taken from the A9 dataset.

Figure 3.3: The number of annotations for each class in the A9 dataset.

3.1.3 A3 Dataset
The A3 dataset is smaller consisting of around 730 images and 5300 annotations.
The objects present in these images are Base, Cabling, Cable Cover, Divider, Mast,
Pole and Product. Similarly to the A9 dataset the images capture the mounting
in different rotations, compositions, installations and angles. Example images from
the A3 dataset can be seen in Figure 3.4 and the number of annotations for each
object can be seen in Figure 3.5.
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(a) Example image with bad mount-
ing.

(b) Example image with good mount-
ing.

Figure 3.4: Images taken from the A3 dataset.

Figure 3.5: The number of annotations for each class in the A3 dataset.

3.2 Creation of Models
When choosing which network models to use in the application there were a set of
requirements that had to be fulfilled. Firstly, since the application was to run on a
mobile device and perform real time predictions the computational cost of perform-
ing inference had to be low. Secondly, the model along with the application had to
be small enough to fit in the device’s memory, requiring the model to be small in
size. Finally, the model had to be able to accurately detect and predict the classes
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of the objects in the scene.

As described in section 2.6.1 there are a handful of networks which support trans-
formation from a TensorFlow model to a TensorFlow Lite model (Table 2.2). The
major difference between the available models is the size of the network and the size
of the input. Depending on which model is used there is a trade off between speed
and accuracy. Two designs were chosen, SSD MobileNet V2 FPNLite 320x320, SSD
MobileNet V2 FPNLite 640x640 where the prior is smaller in size with faster infer-
ence but with lower accuracy. These were chosen since according to Table 2.2 the
models could satisfy the requirements stated above where both had the potential to
achieve a high frame rate running inference on a mobile device.

3.2.1 Training the Models
For the models to be able to detect the objects from the dataset it required re-
training which was done in the form of transfer learning. While running transfer
learning the entire feature selection portion of the models were frozen meaning that
their weights were not changed. Instead, only the fully connected output layers
responsible for classification was retrained using the datasets described in section
3.1. The datasets were split 90%/10% into a training and a test set. The training
set was used for training the models while the test set was used to evaluate their
performance. The training was carried out for 70 000 - 100 000 steps with a varying
batch size and a constantly changing learning rate as can be seen in Figure 3.6. Dur-
ing the training an assortment of metrics were tracked such as, regularization loss,
classification loss, localization loss and total loss which was used to get an overview
of the performance of the networks at different stages of the training.

Figure 3.6: Example learning rate used during model training.

3.2.2 Data Augmentation
As mentioned in section 2.4 data augmentation can be applied to a dataset in order
increase its quality and size. Every image fed to the network first had its size scaled
to match the expected input size of the model. Additionally, when training the
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models three different data augmentation techniques were applied to every image
with a probability of 50%. The augmentations used were vertical flip, random
rotation and random crop. Further, experiments with other augmentations such as
grayscaling was performed however no substantial difference in the performance was
identified.

3.2.3 TensorFlow Lite Models
To prepare the models for usage on a mobile device they were converted to Tensor-
Flow Lite models using the TensorFlow Lite converter. Furthermore, in order for
the models to be usable in conjunction with the application metadata was added to
them. This metadata specifies the shape and type of the input and output as well
as gives a description of the model. The metadata was modeled according to the
standard required by TensorFlow Lite and expected by CameraX.

3.2.4 Evaluating Models
Evaluating the performance of the models was done using the four metrics, precision,
recall, mAP and frame rate. The two main metrics studied were the mAP and the
frame rate, this is, as explained in section 2.1.4, because the mAP score is based on
the precision-recall curve. As the application aimed to be running in real time using
a continuous video feed the models had to achieve a high enough frame rate, if a
model could not reach a high enough frame rate it was neglected even if the mAP
score was promising.

3.3 Creation of the App
An application was created to provide the user with an intuitive interface for de-
tecting and displaying interference points for each of the chambers. Further, the
application uses these results to relay relevant information about the product instal-
lation. The app was created for android devices using the official IDE for android
app development Android Studio. For the application to work as intended a number
of core functionalities were implemented.

Firstly, live input in the form of a video feed is captured and displayed to the user.
This is done by accessing the camera of the device and mirroring the view onto the
display using the preview functionality of CameraX. This recreation of the camera
view can be seen in the background of Figure 4.5a.

Secondly, utilizing the video feed input and an object detection network the appli-
cation detects all relevant objects in each input frame and displays it to the user,
Figure 4.5a. To run detection on each frame an ImageAnalysis object from the Cam-
eraX library is created. This analyzer employs a listener which triggers on every
new frame and runs a method with the frame as an input. The analyzer runs on a
separate thread and may therefore receive frames faster than it can process them. If
the current frame has not yet been processed all incoming frames are discarded until
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the analyzer is free. In the Analyze method the frame is scaled down to match the
input size of the network. The re-scaled frame is processed by the network which
returns the predicted labels and locations of the objects. These predictions are then
scaled up to the size of the display and drawn on a transparent canvas overlaying the
video feed, Figure 3.7. Displaying the bounding boxes on a separate plane allows
the frame rate of the image feed to remain constant which makes the app look and
feel smoother.

(a) Example of an input
frame.

(b) Example output for
the input frame.

(c) Final result when
overlaying boxes over the
input frame.

Figure 3.7: Steps taken by the application to overlay detection results onto the
video feed.

Thirdly, as the application uses separate networks for the different chambers an op-
tions menu was implemented which contains options to switch between models and
more. As the video feed is running three options are displayed as seen in Figure
4.5b. These options are Chamber A9 which when selected uses the model trained on
the A9 dataset, Chamber A3 which when selected uses the model trained on the A3
dataset and Display Interference which allows the user to toggle between displaying
the bounding boxes of all objects and only the objects which are interfering with
the tests. Displaying interference is further explained in section 3.4 and the effect
of the option can be seen in Figure 4.5e.

Fourthly, to give directions for possible improvements the user can pause the video
feed, Figure 4.5c. When paused the application displays the previous prediction
and an additional option appear in the menu, Figure 4.5d. This new option called
Propose Fixes opens a popup window with instructions on actions to take to im-
prove the installation, Figure 4.5f. The proposed actions are based on the detection
information of the last frame.

Lastly, the application has a number of settings for which the functionality is not
always self explanatory and the installations has multiple components which the
installer may be unfamiliar with. To make the functionality of the settings and the
purpose of the components clear a Help page was implemented. The Help page is
composed by 8 different windows containing information either about the settings
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or the components present in the chamber which the user can swipe between, Figure
4.6. Each window is created as its own fragment class in Android Studio making
them easy to modify and style.

3.4 Toggle Area of Interference
After detection has been performed the results are evaluated to determine whether
there are any possible points of interference in the image. The object classes are
divided into two groups, fixed and non-fixed objects. The fixed objects are the
base, cable cover, mast, pole and product that regardless of the care given to the
mounting will be roughly the same, while cabling and dividers are non-fixed as they
may vary greatly between mounts. The non-fixed objects can be further divided
into components that increase and decrease the interference in the chamber. For
example hanging cables increase the number of reflective surfaces thus increase in-
terference while dividers cover other objects reducing the number of reflective areas
and decreasing the interference. The application gives advice on how to improve the
installation of the non-fixed objects using all the detection information of the image.
The advice given and the method of producing them varies between the chambers.

3.4.1 Suggest Fixes A9
The two non-fixed objects, cables and dividers, are evaluated in two different ways.
The cables are evaluated on the overlap between their bounding box and the bound-
ing boxes of other objects in the image. If the overlap between the cables and other
objects is less than a set threshold the installation is poor and is therefore considered
a possible cause for interference. In a good installation the overlap would be high as
the cables are wrapped tight around the pole. The method used for calculating the
overlap is further explained in section 3.4.3. The dividers however are not evaluated
on their overlap with other components, instead, they are evaluated on whether or
not they are detected in the image.

The threshold parameter used to decide if a cable installation is good was deter-
mined through analyzing the cable overlap in well executed installations and in
poorly executed installations. The results gathered are presented in section 4.4 and
a threshold of 0.75 was used.

If the cabling or dividers are deemed interference points then a list of suggested fixes
is given when the setting Propose Fixes is pressed. Some of the proposed fixes can
be seen in figure 4.5f.

3.4.2 Suggest Fixes A3
For the A3 dataset there are three different conditions that are checked when deter-
mining whether an installation is good or not. Firstly, similarly to the A9 dataset
the cables are evaluated on the overlap between their bounding box and the bound-
ing boxes of other objects in the image, if this overlap is less than a set threshold
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the installation is deemed poor. Secondly, the installation is evaluated based on
whether the dividers are detected or not. Lastly, the installation is also evaluated
on whether or not the base is showing. If the base is detected the installation is
poor as it is supposed to always be covered by dividers.

Similar to how the threshold parameter was selected for the A9 chamber a thresh-
old was set for the A3 chamber. This result is also presented in section 4.4 and a
threshold of 0.8 was used.

Identically to the A9 chamber if any interference points are detected then a list of
proposed fixes is displayed when Propose Fixes is pressed. The proposed actions are
the same for both chambers with A3 having additional actions to cover the base.

3.4.3 Calculate Overlap
When describing how the overlap is calculated A will represent a cable bounding
box, B and C represents boxes of any other class. IAB and IAC are the intersections
between A and B and A and C respectively. Additionally L1 and L2 are lists used
for storing the intersection points. A visual representation can be seen in Figure
3.8. The overlap is calculated by taking the intersection between A and B, if IAB
exists it is saved to L1. Additionally IAB is checked against every previous entry in
L1. Next the intersection between A and C is checked. Similar to IAB it is added to
L1 and checked against every previous entry. In this check the area IABC is found
to overlap between the different overlaps and is therefore saved in L2. When all the
boxes have been checked the total overlap is calculated as∑

Area(L1)−
∑
Area(L2)

Area(A) (3.1)

Pseudo code for obtaining the overlaps of the cabling can be found in Appendix A.

Figure 3.8: Visual representation of how the total overlap is calculated.
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4.1 Models
The models trained and evaluated are the SSD MobileNet V2 FPNLite 320x320 and
SSD MobileNet V2 FPNLite 640x640 both trained on the A9 and A3 dataset.These
models were trained with a varying amount of steps and different batch sizes to find
which resulted in the best network. After all the training was completed only the
best version of each network was kept and is displayed in this section.

4.1.1 Training
When training the models a set of metrics were recorded. These metrics were clas-
sification loss, localization loss, regularization loss and total loss. The results of
training the different networks can be seen in Figure 4.1 and the final values are
displayed in Table 4.1.

Figure 4.1: Metrics recorded during training for the different networks.
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Model Classification Loss Localization Loss Regularization Loss Total Loss
SSD 320x320 A9 0.0473 0.0192 0.0594 0.1328
SSD 320x320 A3 0.0399 0.0181 0.0573 0.1202
SSD 640x640 A9 0.0490 0.0186 0.0795 0.1484
SSD 640x640 A3 0.0350 0.0198 0.0580 0.1129

Table 4.1: Table of metrics obtained during training.

4.1.2 Detection Result
Running inference using the SSD MobileNet V2 FPNLite 320x320 trained on the
A9 dataset the results seen in Figures 4.2 and 4.3 were obtained. These figures
contain detection results of the mounting in different rotations and with different
installations. The results will be further discussed in chapter 5.

(a) Detection result finding all compo-
nents but the pole.

(b) Detection result where all compo-
nents are found.

Figure 4.2: Comparison between two frames where the angle of the images differs
slightly.

(a) Detection on a poorly
executed installation.

(b) Detection on a well
executed installation.

(c) Detection with mul-
tiple overlapping predic-
tions and a missing pole.

Figure 4.3: Detection results on images from the A9 test set with varying instal-
lations and accuracy.

Running inference on the SSD MobileNet V2 FPNLite 320x320 trained on the A3
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dataset the images in Figure 4.3 was obtained. The figure displays three different
installations and predictions. The first shows a good installation, the second a bad
installation and the third poor predictions. The results will be further discussed in
chapter 5.

(a) Detection on a well ex-
ecuted installation.

(b) Detection on an
installation with base
showing and poor cable
management.

(c) Detection with mul-
tiple overlapping predic-
tions.

Figure 4.4: Detection results on images from the A3 test set.

4.1.3 Detection in Chamber
One of the goals stated in Section 1.2.1 was to test the final application in the
anechoic chambers for different interference scenarios. A video displaying detections
in the A3 chamber in varying rotations and installations can be seen here.

4.1.4 Evaluation
The accuracy of the trained models are evaluated on images from the respective test
sets. The results from these evaluations are used to determine the performance of
the networks. Using previously unseen data to run evaluations expect to give similar
results as running the application in the chambers.

4.1.4.1 Evaluation Metrics

The results obtained from evaluating the models on the test sets can be seen in
Table 4.2 and Table 4.3. In Table 4.2 the mAP for different IoU scores and the
average recall (AR) for images with at most 1, 10 and 100 predictions are displayed
while Table 4.3 displays the different average losses over all test images.
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Model mAP mAP@.5IOU mAP@.75IOU AR@1 AR@10 AR@100
SSD 320x320 A9 0.6184 0.8765 0.7024 0.5216 0.7098 0.7212
SSD 320x320 A3 0.6246 0.865 0.7027 0.6203 0.6917 0.6997
SSD 640x640 A9 0.6258 0.8701 0.7063 0.5286 0.7223 0.7349
SSD 640x640 A3 0.6126 0.8515 0.6820 0.6111 0.6806 0.6896

Table 4.2: Table of evaluation metrics obtained from test set.

Model Classification Loss Localization Loss Regularization Loss Total Loss
SSD 320x320 A9 0.1992 0.1354 0.0594 0.3940
SSD 320x320 A3 0.3399 0.1977 0.0573 0.5949
SSD 640x640 A9 0.1999 0.1368 0.0794 0.4162
SSD 640x640 A3 0.4314 0.2229 0.0580 0.7123

Table 4.3: Table of evaluation metrics obtained from test set.

4.2 Application
The base functionality of the application is displayed in Figure 4.5 and Figure 4.6.
The application runs object detection on a live image feed, Figure 4.5a. When the
app is running a number of settings exist, Figure 4.5b, which are described in detail
in section 3.3. Pausing the detection, Figure 4.5c, allow for studying a prediction,
display interference and also enables the app to provide feedback of the installation,
Figures 4.5d, 4.5e and 4.5f. If the Help button in the menu is pressed the user is
presented with information about the available settings and the different installation
components, Figure 4.6.
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(a) Application on
startup with running
video feed.

(b) Options available
when running detection.

(c) Application when
paused.

(d) Options available
when detection is
paused.

(e) Resulting view of only
displaying problem ar-
eas.

(f) Popup created when
propose fixes are pressed.

Figure 4.5: Different views of the application.
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(a) Help page
with informa-
tion about the
settings.

(b) Help page
with informa-
tion about the
base.

(c) Help page
with informa-
tion about the
cable covering.

(d) Help page
with infor-
mation about
and actions to
improve cabling.

(e) Help page
with infor-
mation about
and actions to
improve divider.

(f) Help page
with informa-
tion about the
mast.

(g) Help page
with informa-
tion about the
pole.

(h) Help page
with informa-
tion about the
product.

Figure 4.6: Information about the installation of different components which is
shown if a user press the Help button in the menu.

4.2.1 Frame Rate
The speed of the final application varies depending on the size of the network used.
Figure 4.7 displays the achieved frame rate of each network when performing infer-
ence and drawing the results. Each box is created using 100 samples collected using
the application with the respective network. The average speeds of the networks can
be seen in Table 4.4. The camera feed displayed in the background of the application
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runs at 60 FPS regardless of which network is used.

Figure 4.7: Box plots displaying the prediction speeds achieved by the networks
with varying size.

Model Average FPS Standard Deviation FPS
SSD 320x320 A9 13.45 0.61
SSD 320x320 A3 13.57 0.23
SSD 640x640 A9 3.85 0.06
SSD 640x640 A3 3.97 0.03

Table 4.4: Table of FPS for different networks.

4.2.2 Size
The size of the final application is 74 MB where 3327 kB and 3269 kB are the sizes
of the A9 and A3 network respectively. The remaining memory usage comes from
the supporting code and visual elements. This size is measurable to other minuscule
applications.

4.3 Impact of Interference in Tests
Missing or improper use of dividers can cause interference and impact measurement
results. In Figure 4.8 the impact of reflections and re-radiation due to bare surfaces
during measurements can be seen and compared to the impact of not having re-
flection and re-radiation. This interference causes a spike in an unwanted direction
disrupting the measurements as can be seen in the figure.

43



4. Results

(a) Measurement without properly in-
stalled dividers.

(b) Measurement with properly in-
stalled dividers.

Figure 4.8: Difference in measurements between installation with and without
dividers. The labels and values of the x and y axis has been removed as it is
considered confidential information by Ericsson.

4.4 Deciding Overlap Threshold
The thresholds used to detect interference points in cable mountings were decided
through analyzing the overlap of cables with other installation components. The
Figures 4.9a and 4.9b displays two histograms of the overlaps found in the images.
From these plots an overlap threshold of 0.75 and 0.8 is chosen for the A9 and
A3 chamber respectively as it provides a good separation between the types of
installations. In the Figure 4.10 two images of the same installation taken from
different angels are displayed. For these images the overlap varies greatly despite
originating from the same installation.

(a) The overlap of cables with other
components for images with good and
bad mounting in chamber A9.

(b) The overlap of cables with other
components for images with good and
bad mounting in chamber A3.

Figure 4.9: Overlaps between cables and other components for the different cham-
bers.
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(a) Image of poor installation where
a majority of the cables overlap with
other components. The area which
does not overlap is colored in red.

(b) Image of the same installation cap-
tured at an angle which reduces the
amount of cables which overlap with
other components. The area which
does not overlap is colored in red.

Figure 4.10: Two images of the same installation taken from different angles.
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Discussion

The aim of the project was to develop a method for reducing interference within ra-
dio testing chambers. This was achieved using the methods propounded in section
3 which are based on the theory presented in section 2. The achieved results were
presented in section 4 and will be further discussed here.

5.1 Model Evaluation

5.1.1 Accuracy
From the evaluation statistics displayed in Table 4.3 it is evident that the smaller
(SSD MobileNet V2 FPNLite 320x320) networks achieves similar or better results
than the larger (SSD MobileNet V2 FPNLite 640x640) networks. This is unexpected
as a model which receive more information as an input should be able to produce
more accurate predictions. Some possible reasons for this outcome could be that the
larger networks had to be either trained for longer, trained using a larger batch size
or be trained on a larger dataset. These conclusion comes from the fact that a larger
model has more parameters and will therefore require more training. However, as
the inference times for the larger networks greatly exceeded the set requirement ad-
ditional investigation into the problem was not conducted.

5.1.2 Detection Results
In Figures 4.2 and 4.3 detection results of the A9 network when fed images from the
test set were presented. The first set of results, Figure 4.2a and 4.2b, displays seem-
ingly identical images where the the only difference is that the rotation of the camera
differs slightly. In image 4.2b all objects are detected while the pole is missing from
4.2a. This phenomenon of the camera needing to be slightly angled to reliably detect
the pole is caused by a rotational bias in the model. An attempt to remove this bias
was done by introducing data augmentation in the form of random rotation, while
this reduced the bias it did not remove it completely. Further attempts to remove
the bias were made by introducing additional images to the dataset. The focus of
these images was to display a clear view of a centered pole with no rotation and few
other visible components. This was done to provide the network with images of the
pole to learn the basic structure of it.
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In the second set of images seen in Figure 4.3 we can see how the network handles
predictions on varying installations. From the first image 4.3a it is clear that the
network is proficient at localizing and labeling the objects. However, as previously
mentioned the network is not equally good at detecting all components. From the
figure it is evident that it struggles somewhat with the pole. This can both be seen
from the predicted bounding box of the pole being slightly out of position and the
confidence score of the prediction being 20% lower than for the other objects.

Comparing Figure 4.3a and 4.3b it is clear that the network is skilled at detecting
objects both when the installation is good and bad. This is reassuring as the detec-
tion of all objects allows for more accurate potential improvements to be presented
to the user. However, by looking at Figure 4.3c we find that the model will some-
times overlap predictions as seen for the cables next to the product. Additionally,
observing the leftmost cables we find that the bounding box extend further than
required which could skew the result of the overlap calculation.

The images in figure 4.4 displays detection results of the A3 network when fed im-
ages from the test set. In the first figure, Figure 4.4a, the components are properly
installed and the prediction is good. All components in the image are detected and
the bounding boxes fit nicely around each object. This is also the case for the second
figure, Figure 4.4b, for which the installation is poor with hanging wires and a base
that is showing. In this figure we can see that the base has been detected with a
confidence of 99%. This means that even though it is severely underrepresented in
the dataset the network is still able to learn to detect it.

However, the third figure, Figure 4.4c, displays a mistake where the network predicts
two overlapping and fairly similar bounding boxes for the same object. One of the
bounding boxes encapsulates the cables wrapped around the pole while the other
also includes cables visible inside the mast. Comparing this prediction to Figure
4.3c it is clear that both models will occasionally predict overlapping boxes.

When taking a closer look at the extra bounding boxes we can see that they gener-
ally have a substantially lower confidence score meaning that the model was unsure
whether or not to include the box in the prediction. This results in the extra boxes
being present in some but not all frames resulting in a flickering of uncertain bound-
ing boxes when predicting in real time.

Removing the duplicate boxes is no simple task as increasing the confidence thresh-
old could introduce new implications. One such implication is that a higher confi-
dence threshold increases the risk of the model failing to detect important objects
in the image.

5.1.3 Detection in Chamber
From the video in Section 4.1.3 displaying the results from the different interference
scenarios it evident that the final application is able to achieve accurate detections
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for multiple types of installations. From the results displayed in the video it is clear
that the final applications satisfies most of the goals set. The final product is both
able to detect and relay possible points of interference to the user. The only goal not
met by the application is to achieve real time inference as the methods and networks
used achieved a highly interactive inference at best. Furthermore, the application
was not tested for the A9 chamber due to ongoing construction in the chamber.

5.2 Overlap Threshold
In the images comparing the overlap for cables displayed in Figure 4.9 a large spike
is present when the fraction of overlap equals 1.0 for both chambers and installa-
tion types. This spike indicates that a high number of cables overlap completely
with other components of the installation. This is to be expected as the overlap
of different components are highly affected by the angle in which the image was
captured. For example, if an image with poorly mounted cables is taken from the
side then they will with a high probability overlap a lot with other components, as
seen in Figure 4.10. Thus, when selecting the overlap threshold for the different
chambers these points were overlooked as they do not provide information about
how to separate a good and bad installation. Additionally, while the histograms
of good and bad installations are well separated in the A9 dataset resulting in an
clear choice of the threshold the values of the A3 chamber are somewhat merged
resulting in a more difficult choice. The reason behind this is that the installation in
the A3 chamber is compact. Thus, regardless of how poorly the installation is done
there will be a high overlap by default making the window separating the good and
bad installations small. The minor difference in overlap between a good and bad
installation in the A3 chamber can be seen in Figures 4.4a and 4.4b.

5.3 Application Speed
From the FPS results displayed in section 4.2.1 and the speed performance thresholds
presented in section 2.8 it is evident than neither of the models allows the applica-
tion to run inference in real time. However, when using the smaller (SSD MobileNet
V2 FPNLite 320x320) networks the FPS is high enough allowing the application to
run inference while also being highly interactive. Further, as previously mentioned
the predictions of the network and the video feed runs on separate threads which
assists the application in appearing smoother even when time between prediction
updates are longer. Additionally, this also benefits the larger (SSD MobileNet V2
FPNLite 640x640) networks since when the device is held somewhat stationary the
predictions will overlap well with the displayed image resulting in them being usable
in static predictions. Although, for static predictions using a larger network running
on a GPU would most likely provide far better results.
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5.4 Application Size
A limitation stated in the introduction of the paper was the memory constraint of
a mobile device. This constraint required the models used to be small enough to fit
into the devices memory. This issue was mainly solved by converting networks into
the TensorFlow Lite format which drastically reduced the size of the models. The
total size of the application is comparable to any minuscule application. From this
it is evident that larger networks can be used without any concern that it will not fit
in the memory. However, as previously mentioned and shown a larger network has
increased inference times. This increased inference time lowers the achieved FPS
reducing the responsivity of the application and worsens the experience for the end
user.

5.5 Impact of Interference in Tests
As seen in Figure 4.8 failing to use dividers correctly negatively affects the tests as
signals are reflected off uncovered surfaces disrupting the measurements. The spike
seen in Figure 4.8a reveal that there is a large signal radiating in the wrong direction.
Such an error alters the data gathered which in turn can produce parameters not
within the acceptable interval. Without the context of the installation this result
would mean that there is something wrong with the product. Since this is not an
acceptable result the product would not be ready for deployment and additional
costs and time has to be spent examining this non-problem.

Further, the plots are not always generated and examined. This means that when
a defect measurement is obtained it is not immediately traced back to a faulty in-
stallation and re-measurements are preformed. These unnecessary re-measurements
could be avoided by inspecting the chamber for potential interference points before
the testing began. Thus the developed application has the potential of saving both
money and time.
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6
Conclusion

In this paper we describe a method of applying object detection to locate interference
points in Ericsson’s anechoic test chambers and use this information to relay advice
about how to improve the installation. Additionally, the paper presents results from
implementing the methods into an application. The project was divided into two
main parts. First, the creation of the datasets and training of the object detection
models. Second, the creation of the application combining the functionality of the
models with methods of using the detection results to relay relevant information to
the user.

Two different datasets were created containing images and annotations from two dif-
ferently sized anechoic chambers. They contain a total of 1700 and 730 images each
which when applying transfer learning is more than enough training data. These
dataset can be used as is or expanded upon in the future to allow for training models
for further projects within Ericsson.

The resulting product is an android application containing two trained object de-
tection networks. The detections achieve a highly interactive frame rate of 13 FPS
which are overlaid over a video feed running at 60 FPS creating the illusion of greater
speeds being achieved. The networks are able to detect and discern between the dif-
ferent objects with a high accuracy. However, a slight rotational bias is present for
one of the networks. Further, the application is able to use the detection results to
provide the user with potential improvements for the installation.

In the paper, models of different sizes are introduced, trained and evaluated. How-
ever, the final product only employ the smaller (SSDMobileNet V2 FPNLite 320x320)
networks. This is due to the fact that the smaller network achieved both faster infer-
ence times and similar or better accuracy. For the A9 chamber the model achieved
a maximum mAP score of 0.8765 and a maximum recall score of 0.7212. While for
the A3 network the model achieved a maximum mAP score of 0.865 and a maximum
recall score of 0.6997.

6.1 Future Work
To reduce training times as well as to achieve a higher accuracy score it is important
to have a balanced dataset. An unbalanced dataset can lead to problems such as
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varying accuracy between the classes where the minority class is hard to to iden-
tify [63]. As seen in Figures 3.3 and 3.5 the datasets used were not balanced with
the majority of the annotations belonging to Cabling for both chamber A9 and A3.
Future work could therefore include balancing the datasets, training and evaluation
new models on these datasets. The balancing can be done either by introducing
more images containing the minority classes to the datasets or by introducing cost-
sensitive training where making mistakes classifying minority classes results in a
larger loss for the network. This forces the network to pay more attention to rare
classes. Further, conducting a comparison between the models before and after the
balancing could prove interesting.

The models can achieve higher speeds if we choose to quantize them reducing the
numerical accuracy of the predictions and thus decreasing the accuracy. Quantiza-
tion of the models was not applied in this paper therefore, studying the effects of it
in terms of speed and accuracy could prove interesting for future works.

Another topic for future studies could be to compare a larger assortment of models or
possibly to train the models used in this paper using additional data augmentation
methods, extended datasets, longer training sessions, etc. and investigate whether
an increase in performance at a reasonable frame rate is obtainable.
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A
Appendix

f o r ( x in cab l e s ) {
f o r ( y in otherComponents ) {

z = x . i n t e r s e c t ( y )
i f ( z != nu l l ){

f o r (p in L1){
q = z . i n t e r s e c t (p)
i f ( q != nu l l ){

L2 . add (q )
}

}
L1 . add ( z )

}
}
var over lap = 0 f
f o r ( a1 in L1) {

over lap += getArea ( a1 )
}
f o r ( a2 in L2) {

over lap −= getArea ( a2 )
}
va l area = getArea (x )
re turn over lap / area
L1 . c l e a r ( )
L2 . c l e a r ( )

}
re turn over lap
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