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Distilled Few-Shot Object Detection for Truck Equipment

Distilling a few-shot state-of-the-art model for truck equipment detection utilizing
stable diffusion for data augmentation.

ANDREI BORG, MARCUS JOHANSSON

Department of Electrical Engineering

Chalmers University of Technology

Abstract

Few-shot object detection in specialized domains like truck equipment faces signif-
icant challenges due to the limited availability of data and the lack of customized
models. This study addresses these issues by developing an efficient, streamlined
pipeline for identifying truck equipment in constrained situations. We employ knowl-
edge distillation, transferring knowledge from a teacher, the recent CD-ViTO archi-
tecture, to a lightweight YOLOv11 student model. We use Stable Diffusion 3.5 for
synthetic image generation with prompt engineering to augment the limited training
data. The study evaluates the impact of this approach on accuracy and inference
speed. The results show that knowledge distillation with generated data signifi-
cantly boosts the student models’ accuracy, particularly in low-shot settings such
as 1- and 5-shot, with one configuration outperforming the teacher. Critically, the
distilled YOLOv11 student models achieve drastically reduced inference times (83
times speed increase), enabling real-time application. This pipeline demonstrates a
successful strategy for creating performant object detection systems in environments
with limited data.

Keywords: Few-Shot Object Detection, Knowledge Distillation, Machine Learning,
Stable Diffusion, Image Generation, Truck Equipment, Data Augmentation, Real-
Time Object Detection, Cross-Domain Vision Transformer, You Only Look Once.
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1

Introduction

With each passing year, society is becoming more digitalized. Today, cars, surveil-
lance cameras and even kitchen appliances house embedded systems to be more
convenient for their users. These systems often have a real-time component and
are also computationally constrained, requiring programs to be carefully thought
through so that they remain small and are optimized for the given hardware. At
the same time, machine learning (ML) and artificial intelligence (AI) models are
also being used in more contexts. Using these models in embedded systems requires
them to be small and fast, but the most accurate models are often large and slow.
Special techniques must be used to minimize the models while maintaining high
accuracy. Both training models and minimizing them usually require lots of data,
volumes that might not be available, especially in niche environments. In these
cases, solutions must be employed to circumvent this problem.

An area that poses the stated challenges is the detection of truck equipment. One
major challenge is the lack of data on truck equipment. Here, traditional detection
methods struggle because their effective training typically relies on large amounts
of annotated data for reliable and precise predictions [1], [2]. When data is scarce,
a typical solution is to use few-shot object detection (FSOD). In short, FSOD can
generalize to unseen tasks with minimal supervision [3], [4].

Although FSOD has seen improvement in recent years [3], [4], the emphasis has
been on accuracy, with run times being considered secondary. In their current
state, FSOD models only manage up to 4 frames per second (FPS) [5], which is
insufficient for use in real-time applications. To enable deployment in real-time
scenarios or onto embedded systems, an ML method called knowledge distillation
can be used to transfer knowledge from a big, slow model into a smaller, faster one,
called teacher and student, respectively [6]. Furthermore, to ensure sufficient data
for the distillation, the dataset can be artificially expanded with an image generation
model. An example of such models is diffusion models [7], [8].

1.1 Purpose

This thesis aims to create an end-to-end real-time object detection system for de-
tecting truck equipment. Truck equipment detection presents unique challenges,
primarily due to the lack of publicly Available datasets tailored to this niche market.
Consequently, researchers face the demanding and time-intensive task of gathering
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new data to train ML models. To address the issue of data scarcity, the thesis
proposes a novel approach that involves training a real-time object detection model
using a small, originally collected dataset. To enhance the model’s performance,
this dataset will be supplemented with artificially generated data, with the hope to
improve its accuracy and efficiency.

1.2 Problem statement

To achieve the project’s purpose, a system will be created in a data-restricted en-
vironment using knowledge distillation to transfer knowledge from a teacher FSOD
model to a student real-time object detection model. The goal is to utilize generated
images to improve the student enough to reach or even surpass the teacher. With
this goal in mind, this work seeks to answer two questions. The first is determining
how the knowledge distillation of a state-of-the-art (SOTA) FSOD impacts accu-
racy. The second is to find out the distillation’s computational performance impact
compared to not using it.

.
P

77

= A Trnso A — ]

Figure 1.1: Example pictures of trucks with several equipment attached. The images
were taken from a pedestrian bridge over a local highway.

1.3 Limitations

The final model should, as mentioned, be a compact detector; however, testing it
in an embedded setting is not within the project scope and will only be considered
if time permits. The only model architecture considered for the larger models used
in the project will be the current SOTA FSOD architecture, called Cross-Domain
Vision Transformer (CD-ViTO), while the smaller models will be of another archi-
tecture that performs well in regular object detection. Furthermore, the project will
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focus on detecting the selected classes of truck equipment in images such as the ones
in Figure 1.1 and evaluating them against the SOTA model.

1.4 Related work

Several papers treat similar topics to what this thesis is doing. In [9], controlled
image generation was used in remote sensing imagery to expand datasets in FSOD
settings. Generating images from few examples has been done with techniques like
Textual Inversion [10], TINT [11] and DreamBooth [12]. In the work developing
TINT, the generated images were used for knowledge distillation in few-shot im-
age classification [11]. Recently, significant progress has been made in FSOD with
the development of Detect Everything Vision Transformers (DE-ViT) [5] and the
improvements done in CD-ViTO [13]. The usability of object detection models in
constrained settings has also seen improvements recently with the eleventh version
of the YOLO models, surpassing previous model versions [14].

1.5 Our contributions

This work proposes a method to train real-time object detection models in a few-shot
setting, where real-time models are assumed to be ones that can manage processing
at least 30 FPS. By distilling knowledge from a SOTA FSOD model to a real-time
object detection model using generated images, the accuracy of the student showed a
significant increase compared to only fine-tuning it on the real images, even doubling
on some occasions. In addition, the student also surpassed the teacher on some
tests.
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Theory

In this chapter, central concepts needed to understand the methods are presented.
It begins by addressing the issue of data scarcity in the AI field. As a method for
developing models that can function effectively with limited data, few-shot learning
is introduced, diving into FSOD and the principal learning strategies that enable it.
Following this, the chapter details contemporary object detection techniques, focus-
ing significantly on the You Only Look Once (YOLO) framework. This subsection
explores the evolution of YOLO from the first to the latest YOLOv11 iteration. Af-
terwards, the core attention mechanism is introduced and the impact of transformer
architectures on computer vision is explained. Building upon the transformer, the
chapter presents the CD-ViTO, a SOTA model for FSOD, highlighting its framework
and benchmark performance. Furthermore, the chapter explores the field of image
generation, focusing on diffusion models. With this, the principles of forward and
backward diffusion processes are discussed, focusing on Stable Diffusion 3.5 and its
rectified flow formulation for producing high-fidelity images. In conclusion, the the-
ory chapter outlines key model optimization and data enhancement methodologies.
Specifically, it will discuss knowledge distillation, which helps with creating more
compact models while maintaining performance, as well as strategies for artificially
expanding datasets.

2.1 Few-shot learning

AT applications generally need large amounts of data to yield accurate and general-
izable models. In avenues where data is not abundantly available, techniques called
few-shot learning have been developed to create models that can manage this obsta-
cle. When these techniques are used in object detection, they're called FSOD. In
FSOD, the classes are split into base classes and novel classes. The base classes are
abundant, while instances of the novel classes are significantly scarcer.

To solve the problem of detection classes of few instances, different learning tech-
niques have been used to enhance the detection of the novel classes. These can be
categorized as transfer learning, meta learning or metric learning [4]. Transfer learn-
ing uses weights pretrained on the base classes and then fine-tunes this knowledge
with the novel classes [4], [15], [16]. In meta learning, the model learns to generalize
to new tasks and data that can then be applied to the desired few-shot task [4], [15],
[16]. Metric learning, on the other hand, tries to learn an embedding where similar

5



2. Theory

contents are close to each other in the embedding while others are far away [4], [16].

2.2 You Only Look Once

The YOLO architecture was introduced in 2016 as a redefined object framework
that treated object detection as a single regression problem [17]. Unlike region-
based detections that use separate components for proposal generation and clas-
sification, YOLO aims to unify these steps within a single Convolutional Neural
Network (CNN). With this approach, YOLO achieves real-time object detection
while maintaining a high average precision.

Over the years, the YOLO framework has evolved through several versions. Speed,
accuracy, or network architecture have improved with each adaptation. To under-
stand the YOLO model, Section 2.2.1 outlines the original architecture design, while
Section 2.2.2 provides a brief description of the key additions and innovations in the
recent YOLOv11.

2.2.1 Network design

The YOLO network divides the given input image into an S x S grid, shown in
Figure 2.1, where each grid cell predicts B bounding boxes and C' class probabilities,
Pr(Class;|Object) for class i, if the center of an object falls within it. Additionally,
each bounding box contains five predicted components: (x,y, w, h, confidence). The
(x,y) coordinates denote the box’s center relative to the grid cell’s bounds, while
(w, h) are relative image dimensions. The confidence score for the box is defined
as Pr(object) - IoUly4" and the scores should result in zero if no object was found
in that cell. Whenever an object is predicted, the confidence score is based on the
intersection over union (IoU) between the ground truth and the predicted box.

Class probability map

Figure 2.1: YOLO model visualization. The regression approach divides the image
into an S x § grid. Each cell predicts B bounding boxes, their confidence scores
and C' class probabilities. Due to the bounding boxes containing five components,
the output tensor gets the shape S x S x (5B + C) [17]. Copyright © 2016, IEEE.
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The neural network architecture used in YOLO draws inspiration from GoogLeNet,
initially built for image classification [18] and is comprised of 24 convolutional layers
followed by two fully connected layers, as shown in Figure 2.2. Convolutional layers
extract features, while fully connected layers predict class probabilities and box co-
ordinates. Furthermore, the model includes layers that alternate between 1 x 1 and
3 x 3 filters, used for feature space reduction and feature extraction, respectively.
Pretraining is done on ImageNet [19], with 224 x 224 as input resolution for classifi-
cation and double the resolution for detection. YOLO uses the leaky rectified linear
unit (ReLU) as the activation function in all layers except the final output layer.

The leaky ReLU is defined as:

0.1z, otherwise.

b(z) = {x, ifx>0 (2.1)

The final layer of the network uses a linear activation function, allowing unrestricted
outputs for bounding box coordinates and class scores.

448

14, 7N 7 7
: X PR
3
14 A 2 ;

3 192 512 1024 1024 1024 4096 30

Conv. Layer Conv. Layer Conv. Layers Conv. Layers Conv. Layers Conv. Layers  Conn. Layer  Conn. Layer

7x7x64-52 3x3x192 1x1x128 1x1x256 1 .y 1x1x512 1.5 3x3x1024
Maxpool Layer  Maxpool Layer 3x3x256 3x3x512 3x3x1024 3x3x1024
2x2-52 2x2-5-2 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024 3x3x1024-s-2
Maxpool Layer  Maxpool Layer
2x2-52 2x2-52

Figure 2.2: YOLO architechture visualization [17]. The detection network consists
of 24 convolutional layers and two fully connected layers. It uses alternating 1 x 1
convolutional layers to reduce the feature space from preceding layers. The convo-
lutional layers are pretrained on ImageNet at a resolution of 224 x 224 before being
adapted to a higher resolution of 448 x 448 for detection. Copyright © 2016, IEEE.

The loss function in YOLO uses a multi-part sum-squared error loss:
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coord Z Z :H-Obj [ - :%Z>2 + (yl - @1)2} (22)

= Oj 0
+)\coord Z Z :H-Ob] |: \/U)Tl)2 + (\/hj - \/;L»Z)2:| (23)
=0 7=0
+ Z Z 157(Ci = Ci)? (2.4)
=0 5=0
+Anooby Z Z 1Y (C; — Cy)? (2.5)
=0 5=0
52 b
+2 17 37 (pile) — pil0))? (2.6)
=0 ceclasses

where Acoora = 5 and Apoen; = 0.5 are used to balance localization and object confi-
dence loss. Furthermore, Ilfbj represents whether an object is present in the cell 7,
while IL?;-’j indicates that the jth bounding box predictor in cell ¢ is responsible for
that given prediction.

2.2.2 Key features of the YOLOv11 architecture

The YOLOvI11 architecture contains three key components: backbone, neck and
head [2], [14]. The backbone extracts features from raw images using CNNs. The
neck aggregates and enhances these features across different scales. The head gener-
ates the final outputs for object localization and classification based on the refined
features. The whole architecture of YOLOv11 is shown in Figure 2.3 and the avail-
able model sizes are presented in Table 2.1, where the mean average precision (mAP)
at specific thresholds is a metric that measures the model’s accuracy at that given

threshold.

One of the primary innovations in YOLOv11 is the Cross Stage Partial (CSP) with
kernel size 2 (C3K2) block, an evolution of the CSP bottleneck introduced in earlier
versions. This architecture uses smaller 3 X 3 convolutional kernels to reduce com-
putational overhead while maintaining local spatial features. This also enhances the
overall efficiency of the architecture in terms of the number of trainable parameters.

Another core component of YOLOv11 is the Spatial Pyramid Pooling - Fast (SPPF)
module, which improves upon the traditional SPP block from YOLOv4. The SPPF
module utilizes several max-pooling operations with different kernel sizes to collect
contextual information at multiple scales. With this approach, even smaller objects
are guaranteed to be detected as it effectively merges information from various
resolutions.

Furthermore, YOLOv11 introduces a novel attention mechanism called CSP with
Spatial Attention (C2PSA). This block incorporates attention mechanisms, where
two Partial Spatial Attention (PSA) modules operate on different branches of the

8
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feature map, which are later concatenated. This enhances the models ability to
concentrate on significant areas within an image by highlighting spatial relevance in
the feature maps. Such areas can include smaller or partially occluded objects.

640 x640x 3
Model variant  d (depth_multiple)  w {width_multiple) mic (max_channels)
Conv 0 n 050 025 1024
k=382 P1
050 050 1024
320 x 320 X (min(64, mc) X w) o . . -
1 1.00 1.00 s12
P2
X 1.00 1.50 sz
160 x 160 x (min(128, mc) x w)
|
’
n=2xd,c3k = False, e = 0.25 Neck Head

160 x 160 x (min(286, mc) x w)

1

|

I

1

1

1

I

1
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1 ' | '

3l | cakz 18 80 x B0 x (min(258, mc) x w)
P31 1 n=2xd,c3k=False |, I :

' 1

. 1

. 1

]

b

1

1

I

I

|

I

I

1

1

I

1

80 x BO x (min(256, mc) x w)

80 x 80 x (Min(542, mc) x w)

40!40x(min1§|z,mc}xw) 40 X 40 x (Min(286, me) x )

C3k2
n=2xd, c3k = False Concat

Conv 5
k=382 Pa

40 x 40 x (min(612, mc) x w)

1
1
1
1
1
80 x 80 x (min(§12, mc) x w) ’—m'"v—‘ e :
T StA
1
1
1
1
1
1

1
o " P 19 40 x40 x (min(512, mc) x w)
n=2xd,c3=False [ o T
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Conv
m "’ == "’
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C3k2
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= —20X20X(MIN(1024, MC)XW) _ _ _ — = = = = o
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Figure 2.3: YOLOvV11 architecture visualization [20].

2.3 Transformers

The following sections describe the theory behind the famous transformer architec-
ture [21], which was initially developed for natural language processing. In computer
vision, the transformer architecture has been adapted to vision transformers (ViTs)
[22], offering a powerful alternative to traditional CNNs.

2.3.1 Attention

Attention is a method in ML where the relative importance of the separate compo-
nents of a sequence is determined. There are several methods of calculating attention,
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Table 2.1: Performance metrics for object detection for different YOLOv11 model
sizes at 640 x 640 resolution [14]. The different sizes include nano (n), small (s),
medium (m), large (1) and extra-large (x).

Model mAPY! . |Speed T4 TensorRT10 (ms)|params (M) FLOPs (B)
YOLOvlln 39.5 1.5+ 0.0 2.6 6.5
YOLOv11s 47.0 25 x0.0 9.4 21.5
YOLOv1lm 51.5 4.7+ 0.1 20.1 68.0
YOLOv11l 53.4 6.2 £ 0.1 25.3 86.9
YOLOv11x 54.7 11.3 £ 0.2 56.9 194.9

one of which is the scaled dot-product attention introduced by [22], where the input
consists of queries, keys and values of dimensions d,, d;, and d,,, respectively. and are
stacked into matrices ), K and V, respectively. The attention is then calculated by
taking the dot-product of a query and all keys, divide by 1/d;, and apply a softmax
function, defined for z € RY where N > 1 as

exp|z]
Y e

The result of the softmax function is then used as weights applied to the values. The
attention function then becomes

softmax(z) = (2.7)

Attention(Q, K, V) = softmax(QKT>V (2.8)
K, v )V )

Furthermore, the authors also proposed another method called multi-head atten-
tion, where the dyoqe-dimensional queries, keys and values are linearly projected
to dimensions dg, d, and d,, respectively, h times by different learned parame-
ters. The attention is then performed in parallel on the projected inputs, giving
outputs of dimension d, that are then concatenated before another learned lin-
ear projection is applied. For i*" head, the learned projection weight matrices
are W € Rimodexd K ¢ Rdmoasxds and WY e Rimeasxdv with the parame-
ters for the linear projection of the output given by W¢ € RIdvXdmodel  Letting
head; = Attention(QWiQ,K WE VWY) for i = 1,...,h, the multi-head attention
can be described as

Multihead(Q, K, V) = Concat(heady, . .., head;,)W©. (2.9)

The location of the multi-head attention layers in a classic transformer is illustrated
in Figure 2.4.

2.3.2 Vision Transformers

Inspired by the success of transformers in natural language processing, [21] adapted
the transformer model for use in computer vision. To do this, the image x €
RIXWxC s yeshaped to 2D image patches that are flattened x, € RV*(P* ) where
H, W and C, are the height, weight and number of channels, respectively, with
N = HW/P? and (P, P) being the number of patches and the size of each patch,
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Figure 2.4: An illustration of the basic transformer model architecture [22]. Copy-
right © 2017, NIPS.

respectively. The patches are then mapped to the dimension D used by the trans-
formers before positional embeddings are added to the patch embedding and then
being used as input the transformers.

2.4 Cross-Domain Vision Transformer

The CD-ViTO [13] architecture is an accurate SOTA FSOD model, built upon the
previous transformer-based open-set detector DE-ViT [5]. CD-ViTO enhances the
generalization ability in larger domain gaps by adding new modules into the DE-
ViT architecture. Several novel measures have also been established for evaluating
a new benchmark for Cross-Domain FSOD (CD-FSOD). The benchmark results
reveal that modern approaches often fail with cross-domain generalization and show
that the proposed techniques collectively contribute to an improved cross-domain
model. Figure 2.5 shows a technical motivation for the CD-ViTO model.

2.4.1 Framework overview

CD-ViTO proposes a new CD-FSOD benchmark, shown in Figure 2.6, to address
whether open-set detection methods generalize to cross-domain target datasets with-
out a decrease in performance. In the benchmark, several object detection datasets
are combined: COCO as a source training set [23], ArTaxOr [24], Clipart1K [25],
DIOR [26], DeepFish [27], NEU-DET [28] and UODD [29] as novel datasets.
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Figure 2.5: CD-ViTO methodology and technical motivation [13].

The authors also introduced the three metrics Inter-Class Variance (ICV), Inde-
finable Boundaries (IB) and style, to capture and benchmark challenges in cross-
domain scenarios. The style metric includes domain-related style differences, where
some common styles include cartoon, sketch, photorealistic, etc. ICV is a com-
monly utilized measure in learning that assesses the differences between classes,
with elevated ICV values suggesting that semantic labels are recognized more eas-
ily. Datasets with coarse granularity, such as COCOQO, typically demonstrate higher
ICV, while datasets with finer granularity show lower ICV values. Lastly, IB refers
to the confusion between a target object and its background when identifying it.
For instance, spotting a person against a simple background is easy compared to
identifying a fish in a coral reef.

Target Data

Source Data

Clipart1k
Style: photorealistic Style: cartoon Style: aerial
ICV: small; IB: slight ICV: large; IB: slight ICV: medium; IB: slight

MS-COCO
Style: photorealistic
Inter-Class Variance (ICV) : large
Indefinable Boundaries (IB): slight

DeepFish
Style: underwater Style: industry Style: underwater
ICV: /(N =1); IB: moderate ICV: large; IB: significant ICV: small; IB: significant

Figure 2.6: The CD-FSOD benchmark consists of the COCO [23] dataset as the
training data source and six other datasets are used as novel target datasets [13].
All datasets contain unique variations of the metrics style, ICV and IB.

To enhance the open-set methods present in the DE-ViT detector, CD-ViTO im-
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plements three new modules: learnable instance features, an instance reweighting
module and a domain prompter, see section 2.4.2 for detailed descriptions. The
whole pipeline, including the novel modules, is visualized in Figure 2.7. Blue mod-
ules and arrows represent the original DE-ViT architecture, while new additions are
shown in orange. The whole architecture includes the following parts: a pretrained
DINOv2 ViT [30], a region proposal network Mpgpy, an region of interest (ROI)
align module Mgy, a detection head Mpgr, a one-vs-rest classification head Mqpg,
as well as the learnable instance features module, the instance reweighting module
and the domain prompter.

e
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T D
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NxD

Figure 2.7: CD-ViTO framework visualization [13]. The framework is based on the
open-set detector DE-ViT, with blue modules being inherited from DE-ViT while
new additions are colored as orange modules. Novel modules include learnable
instance features, instance reweighting, domain prompter and finetuning.

In short, a query image ¢ is analyzed by DINOv2, Mgrpyx and the Mgo; to extract the
region proposals R, visual features F, and ROI features £y, ,. The Mpgr head then
handles localization, while M¢srg performs classification. The complete localization
and classification task is supervised by L. and L., respectively.

In the meantime, the lower path of the CD-ViTO framework uses support images S
to extract instance features Fj,, with the pretrained DINOv2 ViT model. These are
then adapted to F/“® and made learnable with the learnable instance features mod-

ule. With the instance reweighting module, object weights in F/*® are reweighted,

forming Fpm In addition to the previous two novel modules, the domain prompter

ensures cross-domain robustness and is supervised by Lg,. Every parameter (over
350 million) is collectively optimized by the object £ function:

L=2Le+ Los+ ﬁdp. (210)

2.4.2 Key components

The first component is the learnable instance features (Mp;r) module. This com-
ponent addresses the challenge of small ICV by improving the separability of in-
stance features across different classes. Given a set of precalculated instance fea-
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tures Fj,, € RW*E+No) where N is the number of object classes, K is the number
of shots, Ny, is the number of background instances and D is the visual feature
dimension, the My ;r module initializes a learnable matrix El,fjg using Fj,s. This
learnable matrix is then optimized using the standard localization loss £;,. and clas-
sification loss L. In short, the primary objective is to align these instance features
more closely with their corresponding categories, thereby reducing confusion among

classes.

The second module, instance reweighting (M;g), is introduced to address the vari-
ability in instance quality, particularly in cases of significant IB. After applying
Mp;r, the object-related features are reshaped into F, € RN*5*P_ As seen in Fig-
ure 2.7, Mr contains a two-way path connected in a residual way. The lower path
takes ngs and feeds it through a multilayer perceptron (MLP) to extract a weighted
score, which is then used to acquire a weighted sum F% € RY*” on the original
prototypes. The upper path is a simple average calculation on F? , resulting in
Fw9 ¢ RN*P - The combined paths together compute the final objective prototype:

ms’
pro

F2 — afe(F2) + (1 — a) B, (2.11)
where fc(+) is a fully connected layer and a € [0, 1] is a hyperparameter. Together
with the background features, the M;z module outputs the formed prototype F,

pro*

The third component is the domain prompter (Mpp), which aims to improve cross-
domain robustness by introducing synthetic domain perturbations. The model de-
fines a set of learnable domain vectors Fipmain € R™V4m*P where Ny, is a hyperpa-
rameter specifying the number of virtual domains. These vectors are added to type
object prototypes F;fo to generate perturbed prototypes. To train these domain
vectors, a domain diversity loss Lgomain 1S applied to ensure that domain vectors
e.g., f% and f% are distinct from each other. The Ljomain is implemented by using

a InfoNCE-style loss:

1 Ndom eXp(fdi . fdz/T)
Liomain = — | , 2.12
d Niom ; (Og S dem exp(fdi - f% /1) (212)

where the hyperparameter 7 regulates the temperature. Similarly, a £, loss is
introduced to randomly perturb a prototype f,,, taken from F;Tbo, with two differ-
ent domains f% and f% sampled from Fjomaein. This creates the two “confused”
prototypes f;lik and f;fim, which is achieved by adding together the features e.g.,

[ = f,, + f%, hence the formula:

1y exp(fgk - fd;”/T)
p’r‘oto - Z ( Z ) . (213)

N W exp(fpk - fim /7)

Finally, along the two losses Liomain a0d Lyroto, & third (cross-entropy) loss Lpot0,,, 18
applied to perturbed features to ensure they retain correct class semantics. Together,
the three losses Liomain, Lproto a0d Loproto,,. form the full domain prompt loss:

14
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‘Cdp = ‘Cdomain + £p7‘oto + £protocls' (214)

2.4.3 Benchmarks

The hyperparameters in CD-ViTO are based on DE-ViT. For all the target novel
datasets the hyperparameter Ny, o ratio of Mz module, 7 temperature for Lpyot0,
7 temperature for Lgomain are set as 530, 0.7, 2, 0.1, respectively. The value Ny,
is set as 2 x N and refers to the number of virtual domains, depending on classes
N. The Top-K hyperparameter is set as 5. The trainable parameters on 1-shot
are tuned around 80 epochs, and for the 5- and 10-shot, they are tuned around 40
epochs. The SGD optimizer has a learning rate of 0.002. A single augmentation
technique of random flipping is used. Four RTX 3090 GPUs were used to conduct
the experiments.

CD-ViTO achieves SOTA performance on several novel datasets, as shown in Table
2.2. As the k-shot grows, the performance increases. Features are most effectively
embedded with the largest ViT-L/14 backbone.

Table 2.2: The 1/5/10-shot (mAP for novel classes) results of CD-ViTO on six novel
target datasets [13]. The average result is denoted as "Avg.".

Backbone ArTaxOr Clipartlk DIOR DeepFish NEU-DET UODD Avg.

S ViT-S/14 16.4 7.8 14.0 3.3 3.8 2.6 8.0

< ViT-B/14 13.6 13.6 15.7 13.2 4.0 24 104
— ViT-L/14 21.0 17.7 17.8 20.3 3.6 3.1 13.9
e ViT-S/14 36.2 25.5 204 20.4 10.5 6.1 19.9
< ViT-B/14 43.1 36.3 22.8 20.2 10.7 74 234
w ViT-L/14 47.9 41.1 26.9 22.3 11.4 6.8 26.1
3 ViT-S/14 42.5 29.8 23.6 21.2 12.8 2.9 226
Qul; ViT-B/14 04.8 40.4 274 19.5 13.1 6.2 269
S ViT-L/14 60.5 44.3 30.8 22.3 12.8 7.0 29.6

2.5 Diffusion models

Generating images can be done in a variety of different ways. Omne of which is
with diffusion models [31], [32]. These models are characterized by a forward and
backward process. The forward process takes an initial sample xy from a data
distribution py and incrementally applies noise at time steps ¢ € [0, 7' until the
distribution converges to a sample xr of a known noise distribution py, the prior
state xp. The backwards process tries to do the opposite, i.e. iteratively recover the
original image through a de-noising process. The de-noising process uses a model,
typically a neural network that is trained to acquire the original images, or ones
looking similar to the originals.
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2.5.1 Stable Diffusion 3.5

A diffusion model that is currently one of the best open source image generation
models is Stable Diffusion 3.5 [33]. The models use a rectified flow formulation of
the forward process, which associates data and noise through a straight line.

For these models, the mapping between x; and x is defined in terms of an ordinary
differential equation (ODE), i.e.

dy; = ve(y, t)dt (2.15)

where ¢t € [0, 1] with v being parameterized by the neural network weights ©. To
solve the ODE in an efficient manner, a vector field u, is regressed that generates a
probability path between py and p;.

To create ug, a forward process for a probability path p; between py and p; = N(0,1)
is defined as
2t = X + th (216)

where € ~ N (0, I). Setting ag = 1, by = 0, a; = 0 and b; = 1 make the marginals
pt(zt) = EENN(07I)pt(Zt|€) (2.17)

consistent with py and p;. The relationship between z;, ¢y and € can be described
by ¥ and wu;, which are defined as

Yi(tle) : xo > ayxo + bye (2.18)
w(2l€) = Yy (b7 (2le)le). (2.19)

From these, the ODE z; = w;(2;]€) can be constructed, which has a solution z; with
initial value zy = xo. Due to this solution, u(:|€) generates p;(-|¢). The conditional
vector field can then be regressed using the conditional flow matching

Loy = Eip,zlepo|lve (2, 1) — u(z]e)] |3 (2.20)

as objective. Inserting v!(xole) = alzg + ble and 9, (z|e) =
2.19 to get the loss in an explicit form yields

z=be into Equation
at

/ / b/
2y = wy(z|€) = &zt - ebt<at — t). (2.21)

This can then be rewritten with a signal-to-noise ratio \; := log Z—E and \; = 2(2—% — b—é)
t

by
as ) ,
u(z]e) = %zt _

—\ 2.22
at 2 t€7 ( )

which is used to re-parameterize Equation 2.5.1 as the noise prediction objective
allt by /112
Lorym = Et,pt(z|e),p(5)||v@(za t) — ;tz + 5/\#“2 (2.23)

b 2
= B pi(zle)p(e) ( - ;M) e (z,t) — €[5 (2.24)
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with €g 1= o 2 (pg — —t z). To introduce time dependent weighting w;, the equations
were rewrltten as

1

Lu(w0) = =5 Bt e~nvio.n [wedy] e (1,1) — €[] (2.25)

where w;, = —INb? gives L, = Lopu.

Several different flow trajectories were tested in [34], with the best performing one
being the rectified flow. Rectified flow defines the path between py and p; as

= (1 —t)o + te (2.26)

which corresponds to weights w; = 1= in L,,. For the models, predicting the velocity
between t = 0 and £ = 1 is harder 1n general than the two bounds. To address this

the weighted loss
t

1—t
was introduced, which is equivalent to change the uniform distribution U(t) to a
density 7(¢). The density generating the best results was the logit-normal distribu-

tion
‘ 1 1 (logit(t) — m)?
7Tln<t, m, S) = ﬁm exp ( — 942 ) (228)

with logit(t) = &, location parameter m and scale parameter s. The architecture
of the models used is shown in Figure 2.8.

m(t) (2.27)
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Figure 2.8: The model architecture of Stable Diffusion 3 [34]. Copyright © 2024,
ICML.
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2.6 Knowledge distillation

SOTA ML models are often large and complex and thus also require significant
computing resources to use. To decrease the computing resources needed, knowledge
distillation techniques have been developed. These aim to transfer knowledge of a
large and complex model to a less complex one that doesn’t require as many resources
to use. The former model is commonly called the teacher, while the latter is called
the student. There are different types of knowledge according to [6], one of which
is called response-based knowledge.

Response-based knowledge usually means the logits of the last layer of the teacher.
The idea of using this knowledge is to make the student imitate the output of the
teacher and thus also it’s predictions.

2.7 Data augmentation

The performance achieved by ML models is heavily influenced by the quality of the
data used in training. The data used should represent the general case and be unbi-
ased, but this is difficult to achieve. To improve the generalization and counteract
biases in the data, data augmentation can be performed. Data augmentations are
techniques that create new data points through modifying already existing data.
Augmenting the data increases its diversity, which leads to the models trained on it
being more robust.

When doing object detection, the augmentation done to the images can be cate-
gorized as techniques based on geometric transformations, color transformations,
random occlusions and deep learning [35]. Geometric transformations change image
pixel positions by applying rotations, flipping, scaling, cropping etc. Color trans-
formations on the other hand change the color values of the pixels and includes
changing the brightness, contrast, hue, saturation or noise in the image. Random
occlusions takes part of the images and cover them, either by erasing the chosen
part, or by covering it with another object. Several augmentations can be seen in
Figure 2.9.
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Saturation Brightness

Blur Noise Cutout Mosaic

Figure 2.9: Image augmentation examples [35]. Copyright © 2021, IEEE.
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Methods

To tackle the challenges of computational limits and data scarcity in FSOD, knowl-
edge distillation is used as the key technique. This section outlines the proposed
distillation framework. It starts with the data collection, where pictures of trucks
were captured in public with a system camera before being anonymized and anno-
tated. Then, the training is presented, explaining the procedure for both teacher
and student models. The system architecture comes next, where the design of the
system is presented. In it, a model is used to detect a truck and then crop the
image to only contain the truck before passing it to the next model, which detects
its equipment. The models used for these detections are treated in the section as
well as the model and prompts used for the image generation. In the last part of
the method, the experiments conducted are explained together with their respective
purpose.

3.1 Data collection

As mentioned in Section 2.1, there are two sets of classes in few-shot learning, one
containing base classes and one containing novel classes. The base set used for train
the teacher, CD-ViTO, was the COCO [23] dataset, while the novel set consisted
of data mainly collected by photographing trucks in public, with a few located
in private locations. Most bypassing trucks were photographed from a pedestrian
bridge over a highway during the day to ensure a clean photo collection. This way,
no light from headlights could disrupt the quality of the images. In total, over 300
pictures were taken to ensure all classes were present, enabling both 10-shot splits
and a test set featuring a wide spread of all classes. The full-sized pictures were
captured at a resolution of 3368 x 6000 pixels with a Sony A6400 mirrorless camera,
with Figure 1.1 showing three image examples.

Once all images were collected for the novel set, distinguishable faces and license
plates were blurred to protect the integrity of the people found in the images. The
images were then annotated in Roboflow [36] with the 11 desired classes, which are
presented in Figure 3.2. Furthermore, a separate dataset was annotated to teach a
YOLO model to crop truck cab fronts, effectively zooming in to the relevant part of
an image with attached truck equipment. The class distribution and an annotation
example of a cropped truck can be seen in Figure 3.1.
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Train and Test Truck Equipment Class Distribution

Number

Class

(b) Example image with an-
(a) Train and test class distribution (log scale). notations.

Figure 3.1: Combined figure showing train and test truck equipment class distribu-
tion on a logarithmic scale and an annotated example from the cropped dataset.

3.2 Training

ML models usually require large amounts of data to train on for the models to
be usable. The same is true for knowledge distillation, which was used to get a
smaller and faster model. To avoid these problems, a model specialized in FSOD
tasks was used as a teacher. This model was pre-trained on the base dataset and
then fine-tuned on the novel data. Images containing the novel classes were then
generated by an image generation model for the distillation. After being generated,
the objects in the images were pseudo-labeled by the teacher. The generated data
with their pseudo labels were then used together with the real novel data to fine-tune
the student model. A model for detecting trucks was also trained, but considering
that there is an abundance of truck datasets online, all trucks found in the collected
data were used to train the model.

3.3 System architecture

To enable efficient detection of the desired objects, a specific architecture was con-
structed for the system. First, to enable easier detection of truck equipment, a
model specialized in truck cab detection is used to detect the truck cabs in the
input image. This model was relatively small to keep the overall runtime of the
system low. The bounding boxes for the truck cab detections are then used to crop
the image to the individual trucks. The cropped trucks are then sent to another
object detection model trained to detect the individual equipment attached to the
trucks. An illustration showing the pipeline is presented in Figure 3.3.
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a Flat light bar b Front ¢ Front fence
attachment

e Light strip

1 9 Michelin

figure

I Truck

Warning cab front
light

i Warning bar

Figure 3.2: All 11 truck equipment classes are shown in figures a-k and a truck cab
front class figure 1.
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Figure 3.3: Inference pipeline of the proposed method.

3.3.1 Truck cab detection

In the images given as input to the truck cab detection model, the trucks are expected
to be easily distinguished from the background without any other objects blocking
the camera’s line of sight, as Figure 3.4 shows. Based on this, a small and simple
model can be used to detect the trucks. The model should also be fast to avoid a
bottleneck in the complete pipeline. The YOLOv11 model, which possesses these
properties, was chosen for this task. A total of 300 images were used to train
the model, with rotation augmentations applied to increase the model’s ability to
generalize to unseen pictures. Most of the hyperparameters were set to the default
values, except for the epochs, which were set to 25. For detailed descriptions of all
default parameters, visit [14].

3.3.2 Teacher

In contrast to truck detection, equipment detection is significantly more challenging.
This difficulty arises from the smaller size of the objects and the limited number
of training examples available. Consequently, the selected model for the equipment
detection task was CD-ViTO, which is currently considered the SOTA in FSOD.
The model has three variants of varying size, a small, base and large, of which the
variant with the highest mAP50 truck detection experiment is presented in Section
3.4. Hyperparameters are set to the default CD-ViTO parameters, with only random
flipping used as an augmentation technique because the model performs them by
default. See theory Section 2.4.3 for more details about the hyperparameters.
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Figure 3.4: A cab front annotation example.

3.3.3 Student

The same model was, however, not used for the student network due to CD-ViTO
and its predecessor, DE-ViT, being too slow for real-time applications and the mod-
els not seeing much accuracy improvement between 10 and 30-shot [13] and above
30-shot [5], respectively. Therefore, the lack of improvement would likely make the
generated images superfluous with these models. Instead, YOLOv11 models were
also used here because there is now a lot of data, with the real and generated data
combined, to use during training. Once again, the default hyperparameters were
used for the YOLOvV11 student models, except for setting the epoch count to 25 and
removing all augmentation techniques except random flipping to match the teacher’s
augmentation approach.

3.3.4 Image generation

Stable Diffusion 3.5 Large was used to generate additional images for the distillation.
This is because it is among the best image generation models currently that is also
open source [33]. The large model variant was chosen over its siblings, the large
turbo and the medium, because of the superior quality of the images generated.
The amount of VRAM needed was not considered an issue, nor was the speed of the
generations.

For the model to generate images of trucks with the desired equipment, one prompt
was created for each class. The prompts are presented in Table 3.1 and were chosen
so that the model would generate images as close to the novel data as possible. The
collected data was captured from a bridge looking over a highway and the prompts
were therefore started with ”A photo taken at a downward angle..” or "A photo
taken from above...”. The prompt is then continued for most classes by ”...an entire
lorry...” because some images would otherwise only contain half a truck. The prompt
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then describes the equipment and where it should be placed on the truck. Some
examples of images with generated equipment classes are shown in Figure 3.5.

(a) Michelin figure.  (b) Warning light. (c) Horn. (d) Front fence.

Figure 3.5: Generated truck images at a 1024 x 1024 resolution.

3.4 Experiments

To evaluate the performance of the developed system, a variety of model configu-
rations were tested on the test set, which consisted of 50 images. These include
different sizes of CD-ViTO, YOLOv11 models trained on only real images as well
as YOLOvV11 models trained on both real and generated images. Several generated
class instances were collected, with the distribution of 10, 25, 50 and 100 instances
being tested in total. Several comparisons were then made to determine which
models are the best fit for each task and how their performance differs.

Determining the model to use as the teacher was done through comparing the
mAP50 of the small, base or large variant of CD-ViTO. The effect of training on
cropped images, in contrast to the full ones, was also explored for these models. The
mAP50 of the different YOLOv11 models on the cropped images was also used to
compare the models’ performance with only fine-tuning on the real images and the
performance using the generated ones. The inference time of the models was also
measured to determine the speedup of the student models compared to the teacher.
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Table 3.1: Shows equipment classes and the corresponding prompt used as input to
generate images with the equipment included.

Class Prompt
Roof fairing A photo taken at a downward angle of a lorry.
Light 1 A photo taken at a downward angle of an entire lorry with
lights attached to the grille.
Light 2 A photo taken at a downward angle of an entire lorry with

white lights on the cab.

Warning light

A photo taken at a downward angle of an entire lorry with
two warning lights on the cab.

Light strip

A photo taken at a downward angle of an entire lorry with a
white LED strip on the cab.

Flat light bar

A photo taken at a downward angle of an entire lorry with a
light strip on the cab.

Front attachment

A photo taken at a downward angle of an entire lorry with
an attachment module on the grille.

Front fence

A photo taken at a downward angle of an entire lorry with a
grille guard.

Horn

A photo taken at a downward angle of an entire lorry with
truck air horns on the cab.

Michelin figure

A photo from above of a lorry with two michelin men on the
cab.

Warning bar

A photo taken at a downward angle of an entire lorry with
an orange LED strip on the cab.
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Results

This chapter presents the results gathered from performing the experiments de-
scribed in Section 3.4 with the aim of showcasing how the presented methods impact
the quality of the detections and the inference time of the system. The experiments
performed on the CD-ViTO models show that using cropped images instead of full
ones greatly increases the mAP50 across all model variants, with the base model
performing the best on the cropped images over all few-shot variants tested. Test-
ing the YOLOv11 models on real, cropped images showed that the larger models
generally perform better, with the exception of YOLOv11x performing worse than
some of the smaller models in the 5- and 10-shot scenarios. Furthermore, the in-
ference times of the YOLOv11 models were in the single-digit milliseconds, while
CD-ViTQO’s were longer than half a second.

4.1 CD-ViTOQO’s accuracy on cropped and full-scale
images

The results of the CD-ViTO testing on the full scale and cropped images are shown
in Table 4.1. The table shows that cropping the images increases the mAP50 of
the models by between 9.54 and 32.4, often doubling the score. It also shows ViT-
L/14 being the best-performing model in the 1- and 5-shot tests on full-scale images
with mAP50s of 13.9 and 25.7, respectively. ViT-B/14 comes in closely behind on
1-shot, being only 0.6 mAP50 under. In the full-scale 10-shot ViT-B/14 performed
the best with an mAP50 of 37.3 and on all the cropped tests, with 31.7, 51.6 and
59.0 mAP50, on the 1-, 5- and 10-shot, respectively, making ViT-B/14 on cropped
images the best overall performer.

4.2 YOLOv11’s accuracy on cropped images

The accuracy of YOLOv11 was tested in different few-shot settings on cropped
images and the results are presented in Table 4.2. For the 1-shot test, the larger the
models tested, the better the accuracy, with the largest model, YOLOv11x having
an mAPSH0 of 29.1. Furthermore, the medium and large models performed similarly,
only differing by 0.2. In both the 5- and 10-shot tests, the large model had the best
mAP50 with 50.1 and 57.2 in the respective tests. The larger models performed
better here for the most part, except for the extra-large model YOLOv11x. In the
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Table 4.1: The 1/5/10-shot mAP50 results for CD-ViTO on the truck equipment
dataset’s two versions, featuring full-scale and cropped images. Bold values high-
light the best backbone configuration for each k-shot and dataset variant, while the
highlighted value in blue shows the best performing combination overall.

CD-ViTO Full-scale Cropped

< ViT-S/14 9.26 18.8
< ViT-B/14 13.3 31.7
~ ViT-L/14 13.9 26.2
< ViT-S/14 17.5 44.2
< ViT-B/14 19.2 51.6
b ViT-L/14 25.7 47.1
£ VIT-S/14 315 53.8
% ViT-B/14 37.3 59.0
S ViT-L/14 35.8 57.3

5-shot setting, the model had an mAP50 below the medium model, while it was
below the small one in the 10-shot setting.

4.3 YOLOv11’s knowledge distillation performance

The resulting mAP50s from YOLOv1In/s/m after distilling knowledge from CD-
ViTO are presented in Table 4.3 along with the differences compared to the data in
Table 4.2 in parentheses. The table presents results for N = 10, 25, 50, 100 generated
instances used in the distillation process. The best results seen for each few-shot
setting, for all classes, were achieved with YOLOv11ls and were 30.6 mAP50 with
N = 50 for 1-shot, 53.8 with N = 10 for 5-shot and 57.6 with N = 10 for 10-shot.
While those were the best results achieved by the small and all models, the nano
model performed best for the three corresponding shots with N = 25,2510 with
mAP50s being 23.1, 41.9 and 50.7. On the other hand, the highest mAP50s achieved
by the medium model were 29.6, 47.5 and 53.6 with N = 100, 10, 25, respectively;
the 5- and 10-shots were worse though than not using any generated data. From the
data presented, the results of the best-performing student of each variant for each
few-shot setting are presented in Figure 4.1 together with the teacher’s best results.

The most significant improvement seen in Table 4.3 compared to not using generated
data was 17.4 and was achieved by the small model on 1-shot with 50 generated
instances. Furthermore, the worst change was the medium model in 5-shot with 100
generated instances, dropping 10.6 mAP50.

Furthermore, Table 4.4 shows the Precision (P), Recall (R) and mAP50 scores for
each class, for each of the best-performing distilled students of Table 4.3. The
highest P scores among all k-shots can be seen for the michelin figure and warning
light classes, while the highest R scores belong to the front attachment class. The
highest mAP50 score also belongs to the front attachment class, over all k-shots.
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Table 4.2: The 1/5/10-shot mAP50 results for every YOLOv11 version on the
cropped dataset. Bold values highlight the best YOLOv11 size for each k-shot,
while the highlighted value in blue shows the best performing combination overall.

YOLO Cropped
YOLOvlln 6.51
e YOLOvlls 13.2
< YOLOvllm 20.4
—  YOLOv11l 20.6
YOLOv11x 29.1
YOLOvlln 31.6
2 YOLOv1l1s 38.3
< YOLOvllm 47.7
1> YOLOv11l 50.1
YOLOv1lx 45.6
YOLOvlln 48.0
¥ YOLOvlls 54.3
% YOLOvllm  55.0
S YOLOvl11l 57.2

YOLOv1lx 52.4

4.4 Inference times

The inference times recorded from CD-ViTO with the ViT-B/14 as well as the
nano, small and medium variants of YOLOv11, when benchmarked with an Nvidia
RTX 4000 Ada Generation GPU, are presented in Table 4.5. The table shows
CD-ViTO having a much longer inference time than the YOLOv11 models, with
CD-ViTQO’s being 560 ms while the medium, small and nano variants of YOLOv11
having inference times of 4.6, 2.9 and 2.8 ms, respectively. The truck detector, which
is a YOLOv11n model, took 3.9 ms per image.

Comparing the inference times of the models, the nano seems to be the fastest, only
0.1 ms faster than the medium model, 1.6 ms faster than the medium and all the
YOLOv11 models being more than 500 ms faster than CD-ViTO. Combining the
YOLOvV11 models for equipment detection with the truck detector gives 6.7, 6.8
and 8.5 ms, respectively, for the nano, small and medium models. The combined
system can then manage 149, 147 and 117 images per second, assuming there are
no other delays in the system. The teacher, on the contrary, would only manage
around 2. Comparing the teachers inference time to the best student from the result
in Section 4.3, which would be the small one, the teacher is (560+3.9)/(2.9+3.9) =
563.9/6.8 ~ 83 times slower than YOLOv11s.
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Table 4.3: The 1/5/10-shot mAP50 distilled results for every YOLOv11 version on
the cropped dataset with N added generated class instances, where N ranges from
10 up to 100. The ViT-B/14 backbone in CD-ViTO is chosen as a teacher for all
k-shots variations. Bold values highlight the best YOLOv11 size for each k-shot,
while the highlighted values in blue show the best k-shot combinations.

YOLO Cropped 1-shot Cropped 5-shot Cropped 10-shot
s YOLOvlln 127 (+6.19) 39.1 (+7.5) 50.7 (+2.7)
I YOLOvlls 18.0 (+4.8) 53.8 (+15.5) 57.6| (+3.3)
“ YOLOvllm 18.2 (-2.2) 475 (-0.2) 53.2 (-1.8)
w» YOLOvlln  23.1 (+16.6) 41.9 (+10.3) 46.4 (-1.6)
' YOLOvlls 26.6 (+13.4) 52.8 (+14.5) 52.9 (-1.4)
7 YOLOvllm 18.7 (-1.7) 45.0 (-2.7) 53.6 (-1.4)
= YOLOvlln 12.0 (+5.49) 37.7 (+6.1) 44.5 (-3.5)
T YOLOvils  [30.6 (+17.4) 49.5 (+11.2) 55.8 (+1.5)
7 YOLOvllm 19.4 (-1.0) 44.4 (-3.3) 53.2 (-1.8)
S YOLOvlln 16.0 (+9.49) 35.0 (+3.4) 47.6 (-0.4)
= YOLOvlls 24.6 (+11.4) 43.4 (+5.1) 54.5 (+0.2)
7. YOLOvllm  29.6 (+9.2) 37.1 (-10.6) 49.5 (-5.5)
60 mm cp-vitTo
mam YOLOV11n
| mEm YOLOv11s
07 wmm voLOV1Im
5 w0
%
E
Z 307
< 504
10

1 5 10
Number of shots

Figure 4.1: The bar graph shows the teacher model compared to the best performing
students for each model variant and shot count based on the results in Table 4.3.
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Table 4.4: The P/R/mAP50 scores for the best performing distilled YOLOv11 stu-
dent, for every individual class. Bold values highlight the mAP50 scores for all
classes in each k-shot, while the highlighted values in blue show the highest mAP50
scores per class for each k-shot.

Class Instances 1-shot 5-shot 10-shot
all 357 65.6/16.1/30.6 76.6/30.2/53.8 86.3/36/57.6
flat-light-bar 13 100/0/28.5 45.6/23.1/42.8 58.9/30.8/30.7
front-attachment 5 79.6/78.2/78.2 77.7/100/99.5 83.7/100/99.5
front-fence 6 39.3/33.3/47  82.6/79.4/94.8 89.3/100/99.5
horn 50 45/2/2.57 100/16.2/50 100/15.3/34
light-1 143 68/2.99/30.6 100/4.5/61.8  100/1.38/44.9
light-2 26 53.2/7.69/24.9 46.7/3.85/16.4 96.2/19.2/60.1
light-strip 12 67.6/16.7/20.1  63.8/25/43.6 67/25/33.7
michelin-figure 16 100/0/18.5 100/19.9/49.5 100/37.1/90.5
roof-fairing 37 58/4/11.7 83.2/26.9/43.5 100/22.5/45.5
warning-bar 13 10.8/7.69/5.41 43.1/7.69/29.2 53.9/27.2/36.8
warning-light 36 100/24/68.9 100/25.9/60.5 100/17.9/58.3

Table 4.5: The table shows the average inference times over 50 images for the teacher
with the ViT-B/14 backbone, the different students, as well as the YOLOv11n model
used for the truck detection when run on an Nvidia RTX 4000 Ada Generation GPU.

Model Inference time
CD-ViTO 560 ms
YOLOv1lm 4.6 ms
YOLOvlls 2.9 ms
YOLOvlln 2.8 ms
Truck detector 3.9 ms
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Discussion

In this chapter, the project’s results are discussed, possible uncertainties connected
to the method and results as well as possible ways it could be improved. Concerning
the project’s purpose to enable real-time object detection domains with data scarcity
problems, the different parts of the system will be examined critically, weighing the
positive and negative aspects of the solution against each other. The first part of
this chapter, Section 5.1, discusses the results previously presented and attempts
to explain the findings. The second part, Section 5.2, presents how this work can
possibly be improved in future work. Lastly, in Section 5.3, the conclusion of this
thesis is presented.

5.1 Result discussion

From the test performed on CD-ViTO to compare the detection capability of the
models on full images with images of only the truck, there was a significant im-
provement for all model variants, doubling the mAP50 on several occasions. This
is likely because the detection model resizes the images to a fixed size and the loss
in detail will be larger for larger changes in size. The experiment also shows that
the ViT-B/14 variant performs the best on the cropped images, which might be the
case because of ViT-S/14 potentially not fitting the data well enough and ViT-L/14
not generalizing well from the training data.

Comparing the results of CD-ViTO to those of the YOLOv11 models on only real
images shows CD-ViTO having an mAP50 of 1 to 3 points greater than the best
YOLOv11 models in the corresponding k-shots. Shifting the focus from the different
architectures to only looking at the different YOLOv11 models, the largest model,
YOLOv11x, only performed the best in 1-shot, while being surpassed by second
largest, YOLOv11l, in 5- and 10-shot. The cause of this might be the same as with
CD-ViTO, that the smaller models do not quite fit the data, while the largest models
does not generalize well from the training data.

The distillation procedure appears to work the best during 1-shot and 5-shot, more
than doubling the mAP50 on a few of the 1-shot tests, with the 5-shot increasing
by similar amounts, but having a higher baseline. The 10-shot, on the other hand,
only saw improvements on a few of the tests, with the small model being the one
seeing all the improvements. The reason for the 10-shot not improving much, if
anything, could be because the models have enough real data to fit it well, while
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the annotations on the generated data might be lacking, or the data is not similar
enough to the real data for the model to learn anything useful from it. Similarly,
the medium model does not seem to improve from the generated images. In fact, in
almost all of the tests done on the distilled models, the medium model improved the
least compared to the baseline, which probably stems from the larger models fitting
the real data better, as previously mentioned. Contrary to the medium model, the
small model performed the best on the distilled test, probably because it fits the
data better than the nano and medium models, being able to learn valuable details
from the generated data.

The P, R and mAP50 scores in Table 4.4 offer some valuable insights into the
performance of the distilled students. Across all classes, the trend seems to be
that increasing training examples generally leads to improved performance on all
three metrics. Regarding the performance across individual classes, some interesting
insights can be gathered. The standout performer class is the front-attachment class,
achieving an impressive 78.2 mAP50 score even in the 1-shot scenario. It reaches the
near-perfect mAP50 at 99.5 and perfect recall at 100 in both 5- and 10-shot settings.
This suggests that the front attachment class is highly distinctive and is overall
consistent with its visual features, something that is easily learned with minimal
data examples. The small number of instances (5) might also imply that these are
visually similar. Likewise, the front fence class also shows excellent improvement,
indicating that its features of being generally larger in size are also highly learnable.

On the contrary, some examples of challenging classes include the flat light bar, the
michelin figure, and the warning light. For the flat light bar and the michelin figure, a
P score of 100 and R score of 0 in the 1-shot scenario indicates that the model makes
no positive predictions (because it makes no predictions at all or incorrect ones that
are suppressed by the confidence threshold). This would suggest that the model is
overly cautious, given the mAP50 values of 28.5 and 18.5, respectively. On the other
hand, the warning light maintains a P score of 100 across all k-shots. However, its R
score is moderate at best and even slightly decreases in the 10-shot scenario, causing
the mAP50 score to fluctuate. This again points to a model that is becoming too
selective. Overall, many classes achieve high precision, especially with more shots.
However, that is often coupled with low or moderate recall, indicating that while the
detections are likely correct, the model fails to detect many instances of that class.
At last, it is worth discussing that the mAP50 scores provide a balanced view of the
results. For instance, while the horn and first light class score 100 in P in 10-shot,
their mAP50 scores (34 and 44.9) are not among the highest due to their low R
scores at 15.3 and 1.38. Again, this underscores the importance of considering both
P and R, which mAP50 encapsulates. Thus, the drop in mAP50 for these classes
when going from 5- to 10-shot, despite improved P, is a key finding, suggesting that
there might be potential problems of generalization to some features.

Given the inference time of the models and the theoretical system presented, using
the same hardware as in the tests, the systems would easily manage images from
a typical video stream of 30 or 60 FPS. With the inference times of the small and
nano models being as close as they are, the small would probably be the best choice
for real-world applications because of its speed and higher mAP50. If instead, the
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models are deployed on a system where it is important to save every tenth of a
millisecond, the nano might be the best choice.

While the two smaller, distilled models saw the largest improvements compared to
just fine-tuning the models on real data, the teacher’s mAP50 was only surpassed
twice, by the small model in 5-shot with 10 and 25 generated instances. Due to
the improvements seen on several of the tests and even surpassing the teacher, the
project is deemed to have met its goal.

5.2 Future work

Although the results are considered positive, improvements can still be made to the
increased speed and mAP50. Some areas of improvement will be presented together
with possible solutions.

One such area is the method used to generate images. The current one involves a
lot of manual labor in the choice of which prompts to use, which can be avoided
by using a method for automatically creating prompts or using another method
altogether for the image generation, for instance something like Textual Inversion
[10], DreamBooth [12] or TINT [11]. All three methods take input images and
generate similar ones to them given a simple prompt, which enables automating
more of the work.

Another area deals with the detection models. The hyperparameters used in the
project for the detection models were the ones that come standard with the models.
This makes using the models simpler at the risk of potentially not being optimal for
the task at hand. This could be addressed by doing hyperparameter optimization,
by a grid search for example, which has the possibility of finding a set of parameters
that would make the models fit the data better.

One more area where things could have been done differently is the creation of the
k-shot splits. The method used was the one that CD-ViTO uses in its training. It
splits the data perfectly, but it was discovered during the project that it only uses
one or two annotations per image, even though there might be more. This is not a
problem for CD-ViTO because it crops the boundary box and only uses the features
in the cropped region. It might be a problem for other architectures, like YOLOv11,
if it detects an object in the image that the splitting script did not include in the
annotation, because the model might be confused when one instance of an object
is annotated, but another one is not, leading to suboptimal training. A possible
solution to this could be to occlude or blur the contents of some bounding boxes
to ensure that the YOLOv11 model does not find any objects that are not properly
annotated. Another way might be to, for a k-shot split, instead of strictly having &
instances of each class, to have a minimum of & instances.
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5.3 Conclusion

The project aimed to create a real-time object detection system for detecting truck
equipment. To accomplish this, a method was developed, utilizing knowledge distil-
lation together with generated images to transfer the knowledge of a SOTA FSOD
model to a real-time object detection model. The resulting system was evaluated
by performing several experiments, which indicate that the best model increases the
detection accuracy somewhat compared to the teacher and speeds up detections,
allowing inference times 83 times faster than the teacher. The results also show
that the generated images helped the most in 1- and 5-shot and for the nano and
small variants of the student, suggesting that having 10-shots per class instance is
enough for the models to collect enough details to identify the objects. Ultimately,
the project is deemed to have succeeded in accomplishing the goals set, providing a
model that is both faster and more accurate than its teacher.
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