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Self-Supervised Fixed-Scene Adaptation for Object-Detection in Real-Time Surveil-
lance: A Comparative Study of YOLO11 and RF-DETR
Jacob Justad
Department of Electrical Engineering and Engineering
Chalmers University of Technology

Abstract
This thesis investigates self-supervised fixed-scene adaptation for real-time object-
detectors in an edge-computing surveillance context. While modern object-detectors
achieve strong results on general-purpose benchmarks, deployment in static camera
scenes introduces distinct challenges: domain shift to a specific viewpoint, limited
availability of scene-specific labels, and stringent compute and memory budgets on-
device. At the same time, the stationary background of surveillance footage provides
exploitable structures, as do their temporal dependencies of video-frames. This study
conducts a comparative analysis of two state-of-the-art object detection architectures:
the Transformer-dominant RF-DETR and the convolutional neural network (CNN)-
dominant YOLO11. The thesis employs the 100Scenes dataset to represent a broad
range of surveillance environments. Experimental results demonstrate that RF-DETR
consistently achieves higher accuracy, smoother convergence, and greater robustness
than YOLO11, albeit with higher hardware demands. In contrast, YOLO11 variants
(with a frozen backbone) leverage the larger trainable capacity of the neck and head
to enable high scene-specific adaptability. While this yields significant gains under
quality labeling, it tends to increase sensitivity to imperfect pseudo-labels and the
risk of overfitting. Furthermore, by systematically varying model scales, adaptation
strategies and environmental conditions the experimental design yields more than 3400
distinct runs. First the work examines the extent to which smaller, specialized models
can match the approach of substantially larger models. The experimental results show
that a small specialised model can compete with larger general models. Secondly, the
study evaluated a proposed on-device self-supervised labeling strategy that integrates
SAHI with a bidirectional implementation of ByteTrack. The proposed self-supervised
labeling strategy provided reliable performance gains across all architectures and
configurations, by recovering hard negatives, more specifically small, occluded and
low confidence instances. Thirdly, the study investigated background-context fusion
(BF). It proved to be consistently improving the performance in general for RF-
DETR, while it proved inconsistent for YOLO11 and failed to increase robustness
against seasonality, suggesting it induced background-dependent overfitting. Finally,
the study shows that all models being trained on a summer scene exhibit a decrease
in relative performance compared with the non-adapted models during a seasonal
domain shift to a winter scene.

Keywords: Computer Vision, YOLO11, DETR, RF-DETR, Object detection, LW-
DETR, YOLO, Self-Supervised Learning
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1
Introduction

1.1 Background

The �eld of real-time object detection has evolved greatly in recent years, mainly
due to rapid breakthroughs in deep learning and image classi�cation, with the
Convolutional Neural Network (CNN) [1] serving as the main keystone, making tra-
ditional feature extraction methods, like Scale-Invariant Feature-Transform (SIFT)
and Histogram of Oriented Gradients (HOG), obsolete as standalone techniques.
Furthermore, traditional machine learning models for classi�cation, such as Sup-
port Vector Machines (SVMs), have been replaced by the fully-connected layers of
perceptrons within the CNN architecture.

While these new CNN's architectures provide a powerful new foundation for classi�-
cation, they do not inherently solve the full problem of object detection. This task is
more complex, requiring the model to perform both localisation (�nding where an
object is) and classi�cation (identifying what that object is) for potentially many
objects at once. The challenge, especially for real-time applications, is to create
architectures that could perform both of these tasks e�ciently and accurately.

The release of the YOLO model in 2015 [2] transformed object detection into a
one-stage problem while also providing the capability to solve the latency bottleneck
(processing 155 FPS), allowing real-time surveillance and the development of intelli-
gence directly in the camera. The YOLO lineage has since matured[3], [4], [5], [6],
[7], [8], [9], [10], [11], [12] and has become the industry standard for balancing speed
and accuracy on constrained hardware.

Today's industry faces a paradigm shift originating from Natural Language Processing.
Following the widespread adoption of transformers [13] in powering Large Language
Models (LLMs), the architecture was also adapted for image analysis. Vision
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1. Introduction

Transformers (ViTs) challenged the CNN monopoly by treating image patches as
sequences, demonstrating performance superior to state-of-the-art convolutional
networks in classi�cation tasks [14]. While the original Detection Transformer
(DETR) introduced a revolutionary end-to-end pipeline for object-detection, its
prohibitive computational cost precluded edge deployment [15]. Recent innovations
have dismantled this barrier, evolving from Lightweight DETR [16] to the state-of-the-
art Robo�ow Detection Transformer (RF-DETR) [17]. Crucially, RF-DETR diverges
from previous architectures by integrating a DINOv2 [18] backbone, e�ectively
distilling the robust features of a self-supervised foundation model into a real-time
framework. However, transformer architectures are still more hardware-demanding.

Hardware limitations are the main bottleneck in edge surveillance. Because superior
model performance generally correlates with higher hardware requirements, scaling
advanced analytics can quickly become cost-prohibitive. The vital business case,
therefore, lies in optimisation. By validating that e�cient, lightweight models can
rival the accuracy of computationally intensive ones, companies can deploy premium
analytics on cost-e�ective hardware�cutting operational costs while maintaining
high performance.

The most recent progress in object detection is typically benchmarked on COCO
[19], a general-purpose dataset that has driven impressive gains but does not fully
re�ect �xed-camera surveillance. In a static scene, the camera viewpoint is constant
and the background is repeatedly observed. This makes deployment di�erent in
two important ways. First, detectors trained on broad datasets often degrade under
domain shift to a speci�c scene [20]. Nevertheless, collecting and annotating scene-
speci�c data at scale is costly and sometimes sensitive. This motivates self-supervised
scene adaptation from unlabeled footage to specialize pre-trained detectors without
manual labels [21]. This is a necessity for commercial use. Secondly, the static
background is not just irrelevant context, it can be exploited, as shown by Zhang et
al. [21] for an older model architecture called Faster R-CNN [22]. This motivates
investigating whether background extraction and feature fusion can systematically
increase performance in the currents state-of-art model architectures.

1.2 Aim

The primary aim of this thesis is to evaluate the performance and trade-o�s of self-
supervised �xed scene adaptation for real-time object detectors in edge-computing
environments.

The thesis focuses on evaluating two state-of-the-art real-time object-detector archi-
tectures currently dominating the �eld: The CNN-dominant architecture represented
by YOLO11 and the transformer-dominant architecture represented by RF-DETR. I
am examining how e�ectively the models adapt to a speci�c scene in order to better
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1. Introduction

understand the in�uence of architectural choices.

In an edge-computing environment, hardware constraints are inevitable. Thus, the
adaptability of the models across di�erent sizes will be explored further by experi-
menting using di�erent model sizes. Further, manually labeling potentially thousands
of speci�c scenes is infeasible, making self-supervised learning a cost-e�ective choice.
This thesis investigates how far a potential on-device compatible pseudo-labeling
strategy can perform in relation to existing labeling methods. Taking advantage
of the stationary nature of surveillance cameras has been achieved through back-
ground extraction and feature fusion in previous architectures, boosting performance
[21].Thus, I further aim to examine whether an adaptation of Zhang et al.'s method
for exploiting static backgrounds[21] can be used to enhance the performance of
YOLO11 and RF-DEFR.

In real-world deployments, environmental and operational conditions vary over time
(e.g., across seasons and weather regimes), rendering robustness and generalisation
properties critical. Consequently, this thesis additionally investigates the extent
of performance degradation under such distributional shifts to more rigorously
characterize the risks associated with model specialisation, such as over�tting.
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1. Introduction

1.3 Research Questions

Based on these objectives, the thesis addresses the following speci�c research ques-
tions:

1. RQ1 : How do Yolo11 (CNN) and RF-DETR (Transformer) compare in
adaptation capability within static scenes?

2. RQ2 : To what extent can self-supervised scene adaptation enable smaller
models compared to larger ones?

3. RQ3 : Can a potential on-device strategy for self-supervised learning achieve
performance in parity with more resource-heavy methods?

4. RQ4 : Does the integration of background extraction and feature fusion in a
�xed-camera environment provide a performance improvement for the chosen
models?

5. RQ5 : How does the accuracy of the adapted model under seasonal shifts
compare to the performance of the non-adapted base model and its trained-
domain performance?
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1. Introduction

1.4 Limitations

The scenes have only been evaluated once per model con�guration. Thus, the same
seed is being used. There is no statistical analysis per scene more than qualitative
analysis and once seasonality is being investigated.

Hardware and latency validation is a primary limitation of this study, as I rely
on reported latency �gures from existing literature rather than direct on-device
benchmarking. Crucially, no independent latency measurements were conducted in
this study. However, obtaining these metrics is essential to accurately evaluate the
real-world computational trade-o�s. The comparison between the models is further
complicated by inconsistencies in prior works, such as the mixed use of FP16 for
latency measurement versus FP32 for accuracy assessment. I am using FP32 for
both, however for RF-DETR mixed-precision is being utilized in training.

I conducted preliminary latency measurements for the models used during training
without applying any optimizations. However, the observed latencies deviated from
the theoretically reported values in the existing literature. To enable a rigorous and
fair comparison, additional work is required in terms of model optimization and
exporting the models to the appropriate formats.

The experimental scope was restricted to a �xed input resolution of 640Ö640, however,
generalisation of these �ndings to other resolutions remains unproven.

Additionally, due to time and resource limitations, I did not include most recent state-
of-the-art architectures such as D-Fine [23], but instead focused on more established
architectures.
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2
Preliminaries

2.1 Traditional computer vision-based object de-
tection

Traditional computer vision (CV) approaches to object detection are de�ned by a
multi-stage, "handcrafted" pipeline: Preprocessing � Feature Extraction � Classi�-
cation. Unlike modern approaches that learn features directly from data, traditional
methods rely on manual engineering to transform raw pixel data into compact
representations robust to variations in lighting, scale, and rotation. A prominent
example of this era is the Scale-Invariant Feature Transform (SIFT) [24] which made
a huge impact. SIFT was designed to match objects by identifying stable interest
points ("blobs") and computing descriptors based on gradient orientations in the
keypoint's neighborhood. Histogram of Gradients (HOG) [25] also showed promise in
human detections. While e�ective for matching, using these descriptors for detection
required a secondary step. Typically, descriptors were aggregated or analyzed using
a "sliding window" approach, where a classi�er scanned the image to identify object
presence. Support Vector Machines (SVMs) became the state-of-the-art classi�er
for this task. Using the "kernel trick," SVMs �nd an optimal, maximum-margin
hyperplane to separate object classes in the high-dimensional feature space created
by descriptors like SIFT or HOG. However, the performance of these systems was
fundamentally limited by the quality of the manually designed features.

2.2 Neural networks-based object detection

Neural networks represents a paradigm shift from handcrafted features to end-to-
end learning. In this framework, the network learns to extract features for object
detection directly from the training data

The base building block of the architectures of stacked layers known as deep neural
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2. Preliminaries

networks is the multi-layer perceptrons. Arti�cial neurons are arranged in layers,
where each unit computes a weighted sum of its inputs. Crucially, this sum is passed
through a non-linear activation function (e.g., ReLU or Sigmoid).Without these
non-linearities, a stack of neural layers, no matter how deep, would mathematically
collapse into a single linear transformation, rendering the network incapable of
modeling complex decision boundaries. [26], [27], [28].

Training these networks is treated as an optimisation problem by minimizing a loss
function that quanti�es the error between the network's predictions and the ground
truth. How these networks learn e�ciently �nally became a signi�cant breakthrough,
achieved through backpropagation. [29], [30]. Backpropagation applies the chain
rule from calculus in two passes. In the forward pass, the input data is fed through
the network, layer by layer, to compute the activations and the �nal output. This
output is then used to calculate the value of the loss function. In the backward pass,
the algorithm propagates the gradient of the loss backward through the network,
starting from the output layer. At each layer, it e�ciently computes the gradient
of the loss with respect to that layer's parameters, crucially reusing the gradients
computed for the layer "above" it. This dynamic programming approach avoids
redundant calculations and makes training deep networks computationally feasible.
The most widely adopted method for this is an optimisation technique called gradient
descent. To manage the complexity of modern deep networks, adaptive optimizers are
used. AdamW [31] is currently a standard choice. While its predecessor, Adam [32],
adapted learning rates using moving averages of gradients, it handled regularisation
suboptimal. AdamW decouples weight decay from the gradient update, applying it
directly to the parameters. This modi�cation signi�cantly improves generalisation
and training stability for deep neural networks.

2.3 Convolutional neural networks-based object
detection

This section provides a brief overview of the convolutional network used in object
detection and concludes by describing one of the main architectures of the YOLO11
model.

2.3.1 Classi�cation and two-stage object detection

Hubel and Wiesel [33] research on a cat's primary visual cortex established that
speci�c neurons are distinguished and possess a local receptive �eld, responding
only to stimuli within a restricted region of the visual �eld. Furthermore, they
demonstrated that many of these neurons are functionally selective, responding
optimally to simple geometric structures such as oriented edges or bars. They could
also show that it was a hierarchical processing model, wherein "simple cells" respond
to these local features and feed this information to other, more "complex cells," which
pool from more than one cell. These biological �ndings laid the groundwork for the
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2. Preliminaries

Neocognitron [34] and eventually the �rst practical CNN in 1998 by LeCun LeNet-5
[35]. This architecture combined convolutional layers with subsampling (pooling)
layers and was trainable end-to-end using backpropagation. It extract local features
through the stacking of layers, increasing the receptive-�eld, being the area in the
original resolution a feature can derive from, which in a traditional CNN increases
the deeper in the network it is. The weight-sharing mechanism signi�cantly reduced
the model's parameter count, enhancing parameter e�ciency and generalisation, and
its success in handwritten digit recognition demonstrated the viability of learned
hierarchical features.

The modern era of Large Scale deep convolutional models was catalyzed by the Ima-
geNet Large Scale Visual Recognition Challenge (ILSVRC). Krizhevsky, Sutskever,
and Hinton's AlexNet [36] achieved a substantial reduction in top-5 classi�cation
error compared to traditional computer vision pipelines based on hand-designed
descriptors such as SIFT and HOG.

This breakthrough pivoted object detection from sliding-window techniques to deep
convolutional architectures. The foundational R-CNN [37] applied CNNs to region
proposals generated by selective search, signi�cantly improving accuracy but su�ering
from high latency due to redundant feature computations, introducing a two-stage
object-detection model. Subsequent models optimized this pipeline: SPP-Net [38]
and Fast R-CNN [39] introduced shared feature maps and Region of Interest (RoI)
pooling, enabling end-to-end training for classi�cation and regression. Faster R-CNN
[22] eventually eliminated the external proposal bottleneck by introducing the Region
Proposal Network (RPN), achieving a fully uni�ed, near real-time two-stage detector.

2.3.2 YOLO - One-stage paradigm shift

In 2015, Redmon et al. proposed "You Only Look Once" (YOLO), a novel archi-
tecture that reframed object detection as a single regression problem rather than a
classi�cation task applied to region proposals [2]. Unlike two-stage methods (e.g.,
Faster R-CNN) that �rst generate candidate regions, YOLO processes the entire
image in a single forward pass, enabling real-time inference.

The fundamental concept involves dividing the input image into anS � S grid.
If an object's center falls within a grid cell, that cell is responsible for detecting
it. Each cell simultaneously predicts B bounding boxes (coordinatesx; y; w; h), a
con�dence score re�ecting the intersection-over-union (IoU) with the ground truth,
and conditional class probabilities. This idea is visualized in Figure 2.1.

Given that grid-cells may produce overlapping predictions for the same object, Non-
Maximum Suppression (NMS) is applied during inference. NMS �lters redundant
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2. Preliminaries

Figure 2.1: Object detection as a regression problem. YOLO divides the image
into an S Ö S grid and for each grid cell predicts B bounding boxes, con�dence
for those boxes, and C class probabilities. These predictions are encoded as an
S � S � (B � 5 + C) tensor, from the original paper [2]

detections by discarding boxes with low con�dence and suppressing those that have
a high overlap of IoU with the highest-scoring box for a given class.

Training is optimized via a multi-part Sum of Squared Errors (SSE) loss function that
combines localisation and classi�cation. This loss penalizes errors in the box center
coordinates (x; y). A dimension loss is also added based on width and height (w; h);
instead of squared errors, squared roots are used to align better with di�erent object
sizes, hoping to re�ect that small deviations in large boxes matter less than in small
boxes. Additionally, it regresses the objectiveness con�dence toward the ground truth
IoU, while a down-weighted "no-object" term suppresses false positives in background
cells to prevent them from overwhelming the gradients. Finally, the optimisation
includes a classi�cation term that minimizes the error in class probabilities, but this
is applied conditionally: it only penalizes classi�cation errors if an object is present
in the grid cell. This ensures the model e�ectively learnsP(ClassjObject), ignoring
class predictions for background cells

The YOLO-series has since then incrementally updated their model and improved
both accuracy and latency. The YOLOv2 [40] most signi�cant change was the
adoption of anchor boxes, a concept borrowed from region-proposal-based networks
like Faster R-CNN. The fully connected layers responsible for directly predicting
bounding box coordinates in YOLOv1 were removed. Instead, the �nal convolutional
layers were designed to predict o�sets to a set of pre-de�ned prior boxes, or anchors.

10



2. Preliminaries

Instead of hand-picking the anchor box priors, which can be suboptimal, YOLOv2
employed k-means clustering on the bounding box dimensions from the training
dataset to automatically �nd a good set of priors. YOLOv3 introduced multi-scale
detection using a Feature Pyramid Network (FPN)-like structure, extracting features
at three di�erent strides to detect objects of varying sizes [4], [41]. Subsequent
versions like YOLOv4 and YOLOv5 introduced Cross-Stage-Partial (CSP) backbones
and Path Aggregation Networks (PANet) for better feature extraction. They also
formalized "Bag of Freebies" training techniques, replacing standard loss functions
with CIoU and introducing Mosaic data augmentation [6]. Models continued evolving,
and YOLOX in 2021 [42] introduced anchor-free predictions. Instead of predicting
o�sets to pre-de�ned anchor boxes, YOLOX treated detection as a per-pixel prediction
problem. They also introduced a decoupled head, separating the classi�cation
and regression tasks into two parallel branches. To address the issue of assigning
ground truth objects to the correct predictions for training, YOLOX incorporated an
advanced dynamic label assignment strategy called SimOTA. Instead of relying on
�xed IoU-based rules, SimOTA formulates label assignment as an optimal transport
problem. YOLOv8 [9] adopted this and further made incremental improvements
within the blocks of how the features are being passed. The latest iteration true to
the convolutional architecture is the YOLO11 family of models, which represents
the latest generation of YOLO-based CNN detectors as of 2024�2025, encompassing
the accumulated advancements. Although both Yolo12,Yolo13, and Yolo26(soon
to be released) are newer models, they di�er from the more traditional YOLO and
convolutional network architecture and are not as established as YOLO11.

YOLO11's architecture, like most detection systems, can be divided into 3 main
modules: the backbone (feature extractor), the neck (feature fusion), and the
head (predictors). YOLO11 remains true to its core by being a convolution-based
architecture with grid-based cells at its center. This means that despite being anchor-
free and more �exible, YOLO11 still divides the image feature maps into a dense grid,
where each cell (spatial location in the feature map) is responsible for predicting object
presence, bounding box o�sets, and class probabilities. For YOLO11, 3 di�erent
spatial feature maps are used in the detectors head, which can be seen in the Figure
2.2. YOLO11 uses a con�guration similar to CSP-based backbone [43] as its backbone
for multi-scale feature extraction. However, it incorporates key modules such as
C3k2 to improve feature representation (replacing the older C2f), SPPF (Spatial
Pyramid Pooling Fast) to extract global semantic information, and the new C2PSA
module, which uses pyramid slice attention to better identify objects in complex
backgrounds and locate small objects. Following the backbone, the neck employs a
PAN-FPN (Path Aggregation Network - Feature Pyramid Network) structure. This
design allows for bidirectional (bottom-up and top-down) information �ow, e�ectively
fusing shallow spatial features with deep semantic features to enhance localisation
accuracy. Finally, the head uses a decoupled architecture, handling classi�cation and
bounding box regression as separate tasks. A critical evolution in this architecture
is the shift from static to dynamic label assignment. While the original YOLOv1
relied on a rigid geometric rule�assigning responsibility strictly to the single grid
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2. Preliminaries

cell containing the object's center YOLO11 employs Task-Aligned Learning (TAL).
Instead of a binary assignment based on center location, TAL dynamically selects
the top-k grid cells inside an object that maximize a high-order alignment metric:

t = s � � u � (2.1)

wheres is the predicted classi�cation score andu is the Intersection over Union (IoU)
with the ground truth. This ensures that the assigned positive samples maximize
both classi�cation con�dence and localisation accuracy simultaneously. Unlike the
hard labels in YOLOv1, TAL generates "soft" supervision targets, scaling the training
signal based on the alignment qualityt. The classi�cation branch uses Binary
Cross Entropy (BCE) Loss and an e�cient depthwise convolution layer , while the
regression branch combines Distribution Focal Loss (DFL) and Complete IoU (CIoU)
loss to optimize bounding box accuracy and stability [12], [44], [45].

Figure 2.2: Detailed breakdown of the YOLO11 architecture. The input image is
processed through a CSP-based backbone (blue) featuring SPPF and C2PSA modules,
followed by feature fusion in the neck (grey) via upsampling and concatenation,
leading to the �nal multi-scale detection output. From Fang et al. [44].

2.4 Transformer-based object detection

This section describes the attention mechanism and its application in computer
vision. Finally, I introduce RoboFlow-DETR (RF-DETR), which is one of the main
architectures examined in this study.
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2. Preliminaries

2.4.1 The attention mechanism and the Vision Transformer

The Transformer architecture marked a paradigm shift by demonstrating that recur-
rence was not a prerequisite for state-of-the-art sequence modeling [46]. The central
hypothesis, "Attention Is All You Need," proposed dispensing with recurrence entirely
and relying solely on attention mechanisms. The core component, self-attention
(or intra-attention), allows the model to compute representations for each position
in a sequence by attending to all other positions within that same sequence. To
compensate for the loss of sequential order information, the model ingests positional
encoding along with the input embeddings. This architecture is massively parallelized
and has been one of the foundations of the progress we are seeing today in arti�cial
intelligence.

In 2021, Dosovitkiy et al. introduced the Vision Transformer (ViT), successfully
applying this architecture to computer vision [14]. ViT processes an image by
dividing it into �xed-size patches (e.g., 16Ö16 in pixels), �attening them into linear
embeddings, and treating them as a sequence of "words." A learnable "classi�cation
token" is prepended to the sequence to aggregate global information for the �nal
prediction. This approach achieved excellent results compared to state-of-the-art
CNNs while being highly computationally e�cient to train.

Figure 2.3: the image is split into �xed-size patches, each patch is converted into
a vector, a positional embedding is added, and the resulting sequence of vectors is
passed into a standard Transformer encoder. In order to perform classi�cation, we
use the standard approach of adding an extra learnable �classi�cation token� to the
sequence. The �gure is retrieved from the orginal paper [14].

2.4.2 RoboFlow-DETR (RF-DETR)

The RF-DETR [47] represents the current state-of-the-art in object detection, culmi-
nating in a lineage that began with DETR [15]. DETR introduced a paradigm shift
by utilizing set-based prediction via bipartite matching to eliminate the need for Non-
Maximum Suppression (NMS). While subsequent iterations like Deformable DETR
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[48] improved convergence through sparse sampling and RT-DETR [49] optimized
encoders for real-time speed, RF-DETR is structurally derived from LW-DETR [16].
It adopts a modular encoder-projector-decoder architecture that is further optimized
via Neural Architecture Search (NAS) to identify Pareto-optimal con�gurations by
varying patch-sizes, the number of decoder layers, the number of queries, image
resolution, and the number of windows in the power attention block [47].

The architecture (see Figure 2.4 for a full view) begins with the encoder, which
diverges from standard ViT backbones by utilizing DINOv2 [18]. This self-supervised
Vision Transformer is pre-trained on massive curated datasets to yield robust, "all-
purpose" visual features and is processed using e�cient windowed self-attention to
manage computational costs[50]. Linking the encoder and decoder, and serving as the
neck, is the projector. The projector employs C2f blocks adapted from YOLOv8 to
fuse multi-scale features e�ectively. The decoder implements a mixed query selection
strategy [51] to improve initialisation. In standard DETR models, object queries
are typically static, learnable embeddings that must learn to locate objects from
scratch. In contrast, this strategy extracts the top-K features from the projector's
last layer representing the regions with the highest probability of containing objects
and uses their positions to dynamically initialize the spatial queries. These positional
priors are then combined with learnable content queries. Essentially, this gives the
decoder a 'head start' by explicitly pointing it toward relevant image regions, which
signi�cantly accelerates training convergence (slightly functioning as a prior).

Figure 2.4: Overview of the RF-DETR architecture utilizing DINOv2 and NAS [47].

To stabilize and accelerate convergence, RF-DETR adopts Group-DETR [52] training

14



2. Preliminaries

dynamics. The object queries are instantiated asK parallel groups, where each group
undergoes independent one-to-one bipartite matching (the linear sum assignment
problem), which is solved using a variation of the Hungarian algorithm. This
e�ectively creates a global one-to-many assignment strategy where a single ground-
truth object serves as a positive target forK predictions (one per group), signi�cantly
increasing the density of supervision signals per image. This auxiliary grouping is
utilized solely for training, during inference, the extra groups are discarded to revert to
a single-decoder architecture. Although there areK decoder groups during training,
they all share weights, thus minimally increasing memory [52]. The model minimizes a
composite lossL total applied to all intermediate decoder layers and encoder proposals.
The classi�cation term, L cls, utilizes an IoU-aware Binary Cross-Entropy loss. Instead
of a static binary label, the target for positive samples is softened to a dynamic
quality scoret = p� � IoU1�� , wherep is the predicted probability of that class,IoU
is the intersection-over-union with the ground truth, and� is a hyperparameter that
acts as a balancing coe�cient for localisation and class con�dence. This formulation
aligns classi�cation con�dence with localisation accuracy, explicitly suppressing high-
con�dence but poorly localized predictions. Simultaneously, the box regression terms
combine a standardL1 loss for absolute coordinate accuracy with a Generalized IoU
(GIoU) loss [53], which ensures non-vanishing gradients even for non-overlapping
boxes by penalizing the smallest enclosing rectangle.

2.5 Self-supervised learning and domain adapta-
tion in object detection

Modern detectors increasingly rely on self-supervised (label-free) pretraining to
improve downstream transfer under distribution shift. Contrastive pretraining (e.g.,
MoCo [54]) learns instance-discriminative representations without labels, while vision
transformers trained with self-distillation (DINOv2) [18] or masked image modeling
(MAE) further boost robustness to domain changes when �ne-tuned for detection [55].
These paradigms reduce reliance on labeled source domains and provide stronger
initialisation for adaptation.

Automatic adaptation for certain domains has improved signi�cantly compared
to standard source-only baselines. RoyChowdhury et al. [56] demonstrated that
automatically obtaining pseudo-labels from the source (or "base") detector and
re�ning them with single-direction tracking allows the model to self-train e�ectively.
This process �lls in missing detections (false negatives) in the new domain, leading
to a promising performance increase over the original pre-trained model.

In the self-driving vehicle domain, a novel semi-supervised training method was
integrated into YOLOv5 that improves label generation by utilizing both high- and
low-con�dence predictions, rather than discarding the latter. The authors introduce
a bi-directional object tracking mechanism that leverages temporal data (past and
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future frames) to re�ne bounding boxes and recover missing labels [57]. However, the
core idea of using low-con�dence labels is the innovation behind the "Byte-tracker",
which was published in 2022, a simple yet robust multi-object tracking method. By
associating high-score boxes �rst and then leveraging similarities between low-score
boxes (often occluded objects) and existing tracklets, the method recovers true
objects and �lters background noise [58].

Closest to surveillance deployments, self-supervised scene adaptation specializes a
generic detector for a single �xed-view camera using only its unlabeled stream. Zhang
& Hoai [21] propose cross-teaching between two base detectors, bidirectional tracking
for pseudo-label densi�cation, location-aware mixup that respects �xed object priors,
and explicit background modeling/fusion. They introduce Scenes100, a 100-camera
benchmark and evaluation protocol for per-scene adaptation. This line shows sizable
accuracy gains without any human annotation in the target scene [21]. Finally, label
fusion is managed by a graph-based re�nement module that acts as a 'consensus
engine' to eliminate duplicates. By treating every candidate box as a graph node and
drawing edges between overlapping predictions, the module constructs connected
components representing single objects. From each component, it selects the node
with the highest degree�the box that overlaps with the greatest number of other
predictions�thereby consolidating the most consistent spatial proposal from the
combined detector and tracker streams, functioning as a "consensus engine".

Independent of adaptation, environmental/context specialisation can lower intra-
scene variability. By routing images to indoor versus outdoor expert models, they
observe statistically signi�cant mean average Precision (mAP) gains over a single
generalist network�showing that straightforward scene categorisation (e.g., a Places-
based router) provides bene�ts that are complementary to self-supervised adaptation
[59].

To address the challenges of detecting small objects in high-resolution imagery�such
as drone or satellite surveillance where targets often lack pixel detail, Akyon et al.
proposed Slicing Aided Hyper Inference (SAHI) [60]. This method employs a slicing
strategy during both �ne-tuning (by augmenting data with zoomed-in patches) and
inference (by processing the image in overlapping slices). By recovering small details
before merging the results, SAHI proves highly e�ective for scenarios involving small,
densely packed targets.

2.6 Evaluation metrics

The industry standard evaluation metrics that are most commonly used is mAP this
metric incorporates both localisation and classi�cation to determine a true positive. It
is calculated using IoU. which quanti�es the spatial accuracy of a predicted bounding
box relative to the ground truth. It is calculated as the ratio of the overlapping area
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between the predicted box (Bp) and the ground truth box (Bgt) to the total area
covered by their union.

IoU =
Area(Bp \ B gt)
Area(Bp [ B gt

A prediction is classi�ed as a True Positive (TP) only if its IoU with a ground truth
object exceeds a speci�c threshold (e.g., IoU= 0.5) and the class labels match.
Predictions falling below this threshold, or duplicate detections of the same object,
are penalized as False Positives (FP).

I compute the mean average precision, which aggregates the area under the Precision-
Recall (PR) curve across all classes. Precision measures the purity of positive
predictions, while Recall measures the proportion of ground truth objects that are
successfully detected.

Crucially, the PR curve is generated by ranking all detections by their con�dence
score (from highest to lowest). The �nal AP is derived using maximum interpolation,
where the precision at a given recall levelr is taken as the maximum precision for
any recall r 0 � r . This interpolation ensures that the metric rewards the model
for placing correct detections at the top of the ranking and mitigates penalties for
low-con�dence false positives once all ground truth objects have been recalledmAP50:
This is computed as the mean Average Precision at a single IoU threshold of 0.50.
mAP50:95: This metric, which is the main standard used in industry, is obtained by
averaging the average precision over 10 IoU thresholds, ranging from 0.50 to 0.95 in
increments of 0.05.

2.7 Establisehd comparisons and peformances

A study by Sapkota et al. [17] directly evaluated RF-DETR against YOLO12 for
greenfruit detection in complex orchard environments. The results highlighted RF-
DETR's superior localisation in single-class settings (mAP@50 = 0.9464) and robust
performance in multi-class occluded scenarios (mAP@50 = 0.8298). Qualitative
analysis further demonstrated that RF-DETR's global self-attention mechanism
allowed it to recover heavily occluded or camou�aged objects more e�ectively than
YOLO12, which tended to over-detect in cluttered regions. Furthermore, RF-DETR
exhibited signi�cantly faster convergence, plateauing in fewer than 10�20 epochs,
validating the advantage of its pre-trained DINOv2 backbone.

Recent benchmarks reveal a critical divergence between parameter e�ciency (model
size) and latency e�ciency (inference speed). While the YOLO11 family retains
a distinct advantage in pure storage requirements�YOLO11-N (2.6M params) is
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nearly 12Ö smaller than RF-DETR-N (30.5M params)�this size advantage does
not translate to superior runtime performance. Instead, transformer-based models
(LW-DETR and RF-DETR) establish a great performance on Accuracy-Latency
curves, although a new method is challenging the �eld.

For applications constrained by inference time rather than memory e�ciency, RF-
DETR o�ers signi�cantly higher accuracy per millisecond of compute. Notably,
RF-DETR-N matches the latency of YOLO11-N (' 2.3 ms vs 2.2 ms) but delivers a
massive +10.9 mAP improvement on COCO (48.0 vs. 37.1). This indicates that while
transformers require more memory to store weights, their parallelizable architecture
allows them to process information as fast as much smaller, deeper CNNs while
extracting far richer features. In the high-accuracy regime (>5 ms), the RF-DETR
family remains optimal, with the RF-DETR-2XL achieving the highest accuracy
across all tested benchmarks [47].

Table 2.1: Comparison of YOLO11, LW-DETR and RF-DETR variants on COCO and
RF100-VL.

Family Variant Params (M) Latency (ms) AP COCO AP50
COCO APRF100 AP50

RF100

YOLO11

N 2.6 2.2 37.1 51.6 55.5 81.3
S 9.4 3.2 44.1 59.3 56.4 82.5
M 20.1 5.1 48.3 63.6 57.0 82.5
L* 25.3 6.2 53.4 � � �

LW-DETR
N 12.1 1.9 42.9 60.7 57.1 84.7
S 14.6 2.6 48.0 66.8 57.4 85.0
M 28.2 4.4 52.6 72.0 59.8 86.8

RF-DETR

N 30.5 2.3 48.0 67.0 57.6 84.9
S 32.1 3.5 52.9 71.9 60.7 87.0
M 33.7 4.4 54.7 73.5 61.5 87.7
L„ 135.6 � 59.0 77.3 � �
2XL 126.9 17.2 60.1 78.5 63.3 88.9

General: COCO YOLO11-N/S/M and all LW/RF-DETR (N/S/M/2XL) metrics are retrieved
from the RF-DETR paper [47].

* Metrics from o�cial Ultralytics documentation; RF100-VL metrics were not reported.
„ RF-DETR-L (preview) parameters and COCO AP / AP 50 are reported by Robo�ow (model

zoo and GitHub); latency and RF100-VL metrics were not reported.
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3
Methods

This chapter describes the methodology required to address the primary aim of
evaluating self-supervised scene adaptation in edge-computing environments.

To investigate the trade-o�s between YOLO11 (CNN) and RF-DETR (Transformer)
models in a �xed camera scene, the dataset used is of utmost importance. Generic
object detection benchmarks do not adequately capture the stationary backgrounds,
speci�c camera angles, and environmental noise inherent to surveillance. Therefore,
I will �rst introduce the Scenes100 dataset, chosen speci�cally to emulate diverse,
realistic �xed-camera environments. This data foundation is essential for correctly
evaluating how well di�erent model sizes and architectures can adapt to real-world
deployment.

Secondly, an objective is to determine if on-device adaptation can compete with
resource-heavy methods. Consequently, I outline four distinct label generation
strategies. These strategies are selected to establish the potential and limitations of
the proposed method: a naive baseline, a heavy real-time ensemble, the proposed
resource-e�cient SAHI+ByteTrack, and a general auto-labeling server-side model
using SegmentAnythingModel3 (SAM3).

Thirdly, to determine if the speci�c static characteristic of surveillance video can be
leveraged to improve performance, I describe the implementation of two di�erent
model adaptation approaches: Standard �ne-tuning and a modi�ed background-
context fusion method derived from the method by Zhang et al [21]. This section
also details the strict freezing of backbones to safeguard for catastrophic forgetting.

To ensure that the �ndings are robust against real-world environmental shifts, I
introduce a method for seasonal data creation using generative AI to understand
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how performance may vary as the environment shifts and what strategy should be
used in a production setting.

Finally, I describe the validation metrics (mAP, IoU) used to quantify performance.
In Figure 3.1 a general overview of the experiments is shown.

Figure 3.1: Overview of the general approach of the Experiments

3.1 Dataset and models

This section describes the dataset and object detection models used to evaluate self-
supervised adaptation. A geographically diverse �xed-camera dataset is combined
with models of varying capacity to study how architecture and computational budget
a�ect adaptation performance, particularly for edge deployment.

3.1.1 Dataset Scenes100

To evaluate the model's performance across diverse surveillance environments, I utilize
the Scenes100 dataset [21]. This dataset serves as a benchmark for scene-adaptive
object detection, consisting of 100 distinct videos captured from �xed-perspective
cameras across 16 countries. The videos capture a wide variety of environments,
ranging from crowded urban centers to isolated roadways, covering di�erent times
of day, weather conditions, and object densities. The dataset targets two primary
categories: person and vehicle. The vehicle category includes all vehicles with four
or more wheels and thus corresponds to the COCO categories: car, bus, and truck.
Crucially, each scene includes manually annotated evaluation frames and a spatial
validity mask. This mask is applied to �lter out irrelevant regions, such as distant
backgrounds. The number of validation frames per scene varies, scenes with a dense
number of objects will have fewer validation frames. For my experiments, I adopt
the training frame splits provided by the o�cial implementation [21]. However, to
reduce computational overhead, I limit the training data to the last 9,000 samples of
the provided sequence. These frames are extracted at a stride of 5 (every 5th frame)
from the original 30 FPS videos, the 9000 frames represents 30 minutes of video.
The resolution varies from 720� 1280 to 1080� 1920. Four examples of the scenes
are shown in Figure 3.2.
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