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Abstract

RT-DETR (Real-Time DEtection TRansformer) has recently emerged as a promising model
for object detection in images, yet its performance on small objects remains limited, particu-
larly in terms of robustness. While various approaches have been explored, developing
effective solutions for reliable small object detection remains a significant challenge. This
paper introduces an adapted variant of RT-DETR, specifically designed to enhance ro-
bustness in small object detection. The model was first designed on one dataset and
subsequently transferred to others to validate generalization. Key contributions include
replacing components of the feed-forward neural network (FFNN) within a hybrid encoder
with Hebbian, randomized, and Oja-inspired layers; introducing a modified loss function;
and applying multi-scale feature fusion with fuzzy attention to refine encoder represen-
tations. The proposed model is evaluated on the Al-Cast Detection X-ray dataset, which
contains small components from high-pressure die-casting machines, and the PCB quality
inspection dataset, which features tiny hole anomalies. The results show that the optimized
model achieves an mAP of 0.513 for small objects—an improvement from the 0.389 of the
baseline RT-DETR model on the Al-Cast dataset—confirming its effectiveness. In addition,
this paper contributes a mini-literature review of recent RT-DETR enhancements, situating
our work within current research trends and providing context for future development.

Keywords: object detection; small object detection; transformer-based models; foundation
models; RT-DETR

1. Introduction
Object detection has become a vital part of the manufacturing industry in recent years.

It is directly integrated in visual inspection systems in manufacturing, which have under-
gone a dramatic transformation, evolving from reliance on traditional computer vision
methods to sophisticated deep learning systems. Early approaches, such as edge detection,
template matching, and feature descriptors like SIFT and HOG [1], provided a foundation
but often struggled with the variability inherent in real-world production environments,
such as changes in lighting, object pose, and subtle appearance differences. The automotive
industry, an early adopter of machine vision and visual inspection systems, exemplifies its
transformative impact on quality control (QC) [2] systems. Modern industrial QC relies
heavily on machine vision systems to quickly and objectively identify defects, ranging from
microscopic flaws to significant deviations [3]. The ability to detect rare but crucial defects,
such as casting discontinuities, is enhanced by real-time object detection using machine
learning and deep learning (ML/DL) models [4]. This combination of machine vision
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and advanced learning techniques has fundamentally changed industrial quality control,
enabling the rapid and precise detection needed to maintain high manufacturing standards.
To meet these demands, the industry requires novel and robust object detection models.

Additionally, the evolution of newer object detection models is driving innovation
for the manufacturing domain in several key areas. Firstly, the need for compact, efficient
models suitable for edge devices is pushing the boundaries of ML and DL, particularly
in the detection of subtle defects like micro-textures, where transformer-based object
detection models show significant potential. Secondly, automating the model improvement
pipeline is becoming increasingly important. Thirdly, foundation models [5] (including
CLIP, DALL-E, and Vision Transformers), pre-trained on massive datasets, offer a novel
approach, potentially solving data scarcity issues with their zero-shot capabilities. In
conclusion, the future lies in a combination of miniaturized, edge-optimized models,
potentially leveraging the strengths of transformer architectures in object detection and
automated learning processes to achieve unparalleled accuracy and versatility across
various industrial sectors.

Recent advances in object detection have shifted from anchor-based methods to anchor-
free and transformer-based models like DETR (DEtection TRansformer) and RT-DETR
(Real-Time DEtection TRansformer). This work focuses specifically on RT-DETR for object
detection due to its inherent advantages in capturing global context and relationships
within an image. Traditional models, while powerful, often excel at identifying local fea-
tures. However, subtle defects, particularly small ones, may be missed if the model lacks a
comprehensive understanding of the entire object and its surrounding environment. The
term ‘small objects’ in the context of object detection typically refers to objects that occupy
a relatively small number of pixels within an image or have limited spatial resolution
compared with other objects. As defined by [6], objects can be categorized into small
(area < 322), medium (322 < area < 962), and large (area < 962) categories. We show how
the simplest modifications to RT-DETR can improve detection of small objects. We deliber-
ately refrain from assigning a new name to the optimized model. This decision reflects our
intent to focus on meaningful improvements rather than contribute to the growing trend of
renaming models for minor modifications. We also provide a comprehensive comparison
of different variants which we refer to as the children of the RT-DETR model proposed in
the literature. This bring the family of RT-DETR models together under a single umbrella.
By doing so, we aim to highlight the various techniques, modifications, and strategies
employed to enhance the detection of small objects, which can help other researchers to
see gaps and opportunities for further research in improving the performance of RT-DETR.
Furthermore, the modifications to RT-DETR proposed in this work are the result of experi-
ments performed on the Al-Cast Detection X-ray dataset, which contains images from parts
generated in high-pressure die-casting machines. The developed modified RT-DETR model
is then tested on different datasets to prove the effectiveness of the proposed solution in
improving small object detection. Concretely, in this work, we propose three targeted
modifications to the RT-DETR architecture for small object detection:

• Randomized layer replacement in the encoder, designed to improve robustness under
weak supervision.

• Multi-scale feature extraction and fusion of already extracted features from the encoder,
enabling the model to retain fine spatial cues that are often lost during downsampling.

• Use of an adaptive focal loss function, which balances dense small object regions with
sparse supervision to improve training stability.

While these ideas have been explored independently in prior works, our novelty lies
in their deliberate integration within the RT-DETR framework. This integration addresses
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a unique gap, as existing variants rarely combine such strategies in a coherent way, and it
enables consistent improvements in industrial small object detection tasks.

2. Related Work
Modern manufacturing relies on automated quality control, where object detection

helps identify defects. Advances in visual inspection enable deeper integration of deep
learning (DL), yet small object detection remains a challenge. Although visual inspection
systems have been significantly advanced, enabling a more effective deployment of DL for
quality control, challenges persist, both on the software side and the system side. On the
systems side a crucial area of improvement is high-resolution imaging and optics. Modern
systems move beyond the limitations of earlier, lower-resolution cameras by incorporating
high-resolution sensors, such as multi-megapixel CMOS and CCD sensors [7], paired with
advanced optics like telecentric lenses. Telecentric lenses are particularly beneficial, as
they minimize perspective distortion, ensuring consistent object size regardless of camera
distance, which is vital to accurate measurements and defect detection [8]. Sophisticated
lighting, including structured light and multi-spectral imaging, enhances contrast and
highlights subtle features that might be invisible under standard lighting [9]. Despite
these gains, capturing extremely small objects or defects necessitates pushing optical
resolution limits, often requiring specialized microscopy techniques [10]. Another critical
advancement lies in high-speed image acquisition and processing. To keep pace with
high-speed production lines, real-time inspection demands high-frame-rate cameras and
powerful processing units, such as GPUs and FPGAs [11]. Parallel processing, pipelined
architectures, and hardware accelerators are used to minimize latency and handle the
large data streams from high-resolution sensors. However, the computational demands
of processing these images, particularly with complex deep learning models, remain a
challenge, especially when detecting small objects that require fine-scale analysis across the
entire image.

2.1. Small Object Detection in Industry

Object detection enhances accuracy and efficiency in visual inspection across diverse
industries. It is used to identify defects on assembly lines, assist in medical diagnoses
by finding abnormalities in scans, and analyze customer behavior in retail. By detecting
minute flaws like cracks or scratches, this technology improves quality control, leading
to higher customer satisfaction and less waste [12]. For such systems, particularly on
high-speed manufacturing lines, detecting small objects with high speed in non-negotiable.
Fast object detection models are essential to instantly identifying defects, ensuring that
production throughput is maintained without compromising quality control. In industrial
use cases, further importance is given to detecting small objects in addition to speed [13,14].
Even newer object detection models by design suffer in this regard [15]. Small objects
inherently possess fewer discriminative features compared with their larger counterparts, a
direct consequence of their limited pixel representation. Another significant challenge arises
from the interplay between receptive fields and multi-scale representation. Deep neural
networks often employ large receptive fields to capture broader contextual information,
which is beneficial for understanding the overall scene [16]. However, a critical mismatch
can occur when the receptive field for a low-resolution feature map becomes larger than the
small object itself. In the literature much effort has been put into improving models such as
RT-DETR (Real-Time DEtection TRansformer) [17] for small object detection. Numerous
studies have also applied RT-DETR in visual inspection systems [18,19]. One main reason
for the widespread adoption of RT-DETR is the limitation on the number of bounding
boxes predicted by YOLO detectors, which has driven development toward transformer-
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based models. However, beyond RT-DETR, there still has been a surge in object detection
methods specifically tailored for small object detection in recent years. For example,
improved Sparse R-CNN variants have been proposed for applications such as traffic sign
detection in autonomous driving, demonstrating that sparsity-based approaches can be
effective for small targets in complex environments [20]. Similarly, single-stage detectors
such as YOLO continue to evolve: TSD-YOLO, based on improvements to YOLOv8, is
specifically designed for small traffic sign detection and shows strong results in real-time
applications [21]. These represent some of the industry-driven advancements for specific
object detection use cases.

Furthermore, extracting enough rich semantic information is also essential to im-
proving real-time performance of object detection systems. An ideal solution is RT-DETR,
which balances high accuracy with exceptional speed. RT-DETR optimizes the DEtec-
tion TRansformer (DETR) architecture for real-time performance, eliminating the need for
Non-Maximum Suppression (NMS) and demonstrating that transformer-based detectors
can be efficient and end-to-end-trainable, bridging the gap between high accuracy and
practical speed. RT-DETR was selected for this study. However, to determine whether
the standard RT-DETR configuration or a specific variant would be most suitable, a lit-
erature review was undertaken. The objective of this review was to identify published
research on improved or optimized versions of RT-DETR. The search was conducted using
Google Scholar with the keywords ‘Improved RT-DETR’ and ‘Optimized RT-DETR’. The
top forty results were considered, resulting in the selection of thirty-two articles and the
rejection of eight. The publication date range for the reviewed articles was 1 January 2024
to 25 March 2025. The comparison of these models (children of RT-DETR) is presented in
Table 1. The excluded papers primarily fell into two categories: those that focused on im-
proving specific applications in one domain without contributing substantial changes to the
underlying model architecture and those that proposed alternatives to the DETR framework
rather than building upon or improving the RT-DETR architecture, which is the focus of
this study.

2.2. RT-DETR

RT-DETR (Real-Time DEtection TRansformer) is an evolution of the DETR (DEtection
TRansformer) [22] model which removed Non-Max Suppression (NMS) and employed
an end-to-end transformer architecture for object detection. The RT-DETR architecture
can be modularly divided into four key components, backbone, feature fusion, attention
mechanism (hybrid encoder and decoder), and loss function, as depicted in Figure 1. The
backbone is responsible for extracting multi-level features (shown as S3, S4, and S5 in
Figure 1) from the input image, typically using lightweight yet powerful convolutional
networks such as ResNet. There are various versions of the RT-DETR model depending
on the backbone network. For example, RT-DETR-L utilizes HGNetv2 as the backbone,
whereas RT-DETR-R18/R34/R50 use ResNet18/34/50. Next is the hybrid encoder, within
which the feature fusion module integrates feature maps. It is called a hybrid encoder be-
cause it combines the attention-based feature interaction (AIFI) module and the CNN-based
Cross-Scale Feature Fusion (CCFF) module, leveraging the strengths of both transformers
and convolutional neural networks. The CCFF module at the neck of the hybrid encoder
plays the role of preserving both spatial detail and semantic context. These fused features
are then processed by a decoder, where the global relationships captured by the encoder
are refined, and the decoder matches a fixed set of learned object queries to potential
detection results. The attention mechanism in the hybrid encoder and decoder leverages a
transformer-based architecture that employs self-attention and cross-attention to model
spatial and contextual relationships between image regions and object queries. Finally, the
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loss function combines Generalized Intersection over Union loss, classification loss, and
bounding box regression loss to learn both object classification and localization.

Figure 1. Simplified architecture of the RT-DETR model, comprising four main components: (1) a
backbone network that extracts hierarchical visual features from the input image; (2) a Cross-Scale
Feature Fusion (CCFF) module that combines multi-scale features to enhance representation; (3) the
attention mechanism, which enables global context modeling and object query refinement; and
(4) a set-based loss function that enables end-to-end training by directly matching predictions with
ground-truth objects.

The model introduced several innovations to improve object detection performance
while maintaining real-time inference speed [17]:

• Query selection module: It uses object queries which are learned embeddings that
represent potential objects in the image.

• Attention mechanism: RT-DETR employs conventional multi-head self-attention
within the encoder and cross-attention in the decoder that interacts with object queries
and multi-scale image features. Certain variants also utilize deformable attention to
enhance efficiency and accelerate inference.

• Hybrid encoder: Made from two modules, CNN-based Cross-Scale Feature Fusion
(CCFF) and Attention-based Intra-Scale Feature Interaction (AIFI). CCFF and AIFI
form the basis of feature fusion as in the neck of the hybrid encoder.

These innovations make RT-DETR a powerful alternative to traditional object detection
models, particularly for scenarios requiring both high accuracy and real-time performance.
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Table 1. Comparison of selected derivatives of RT-DETR from literature review.

Authors and
Domain

Primary
Challenges

Backbone
Improvements Feature Fusion Attention

Mechanism
Additional
Innovations

Small
Object
Focus

1. Railway
rutting
defects [23]

Irregular defect
distribution,
varying sizes, and
complex
backgrounds

Faster CGLU
module
(combines PConv
and gating
mechanisms)

BiFPN with
learnable
weights (replaces
CCFF)

H-AIFI with Hilo
attention (high-
/low-frequency
paths)

Partial
convolution Yes

2. Free-range
chicken
detection [24]

Small target
detection,
multi-scale
targets, and
clustering
occlusions

SDTM
(Space-to-Depth
Transformer
Module)

Standard
BiFormer (sparse
and fine-grained
attention)

contextual
token (CoT)
module,
Space-to-Depth
conversion

Yes

3. Video object
detection [25]

Motion blur,
occlusions, and
poor lighting in
video frames

Standard

Decoupled
Feature
Aggregation
Module

Separate
self-attention

Two-step
training
strategy

Indirect

4. Detection in
drone aerial
images [26]

Small object sizes,
indistinct features,
and motion blur

CF-Block with
CGLU
(Convolutional
Gated Linear
Unit) and
FasterNet Block
with PConv

SOEP (Small
Object Enhance
Pyramid) with
SPDConv +
Omni-Kernel
Module

Channel and
spatial attention
in HS-FPN

W-ShapeIoU
loss function Yes

5. Remote
sensing object
detection [27]

Infrared ship
detection, small
objects, and
variable sizes

ResNet18

DRB-CFFM
(Dilated
Reparam
Block-Based
Cross-Scale
Feature Fusion
Module)

CGA-IFI
(Intra-Scale
Feature
Interaction),
which uses
cascaded group
attention

EIoU loss
function Yes

6. Drone object
detection [28]

UAV aerial
images, small
objects, and
diverse
backgrounds

ESDNet backbone
network with
Fast-Residual and
shallow feature
enhancement
module

Feature fusion
using shallow
SFEM layer

Enhanced
Dual-Path
Feature Fusion
Attention
Module

– Yes

7. Drone object
detection [29]

UAV aerial
images, small
objects, and
diverse
backgrounds

ResNet18

Re-calibration
attention unit
and re-parame-
terized module

Deformable
attention
mechanism
called
DAttention

Focaler-IoU
loss function Yes

8. Pavement
distress
detection [30]

Complex road
backgrounds,
diverse shapes,
and high
computational
resource
requirements

Enhanced
backbone made
from ADown
module and the
uniquely crafted
Layer
Aggregation
Diverse Branch
Block

Proposed MEFF
(Multi-enhanced
feature fusion)
with DySample
and DBBFuse

Optimized
Intra-Scale
Feature
Interaction with
AICBAM
(combining
channel and
spatial attention)

– Indirect
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Table 1. Cont.

Authors and
Domain

Primary
Challenges

Backbone
Improvements Feature Fusion Attention

Mechanism
Additional
Innovations

Small
Object
Focus

9. Drone object
detection [31]

Complex
background,
drastic scale
changes, and
dense small
targets

GHSA (Gated
Single-Head
Attention) Block
into ResNet-18

Proposed
ESO-FPN,
combining SPD
Conv and
LKDA-Fusion for
fine-grained
details

Enhanced AIFI
with MMSA
(Multi-Scale
Multi-Head
Self-Attention)

Introduced
ESVF Loss,
extending
variFocal loss
with EMA and
slide weighting

Yes

10. Fire smoke
detection [32]

Blurry smoke,
high variability,
and small objects

Enhanced with
attention modules
and 4D input

Redesigned with
multi-scale
fusion, 3D conv,
and small object
branch

Standard

New dataset
and use of
(EIoU) as the
regression loss

Yes

11. Wheat ears
detection [33]

Occluded wheat
ears, complex
background, and
dense objects

Introduced
Space-to-Depth
(SPD-Conv) with
non-stride
convolutional
layer

Context-Guided
Blocks
(CGBlocks) to
form CGFM
(Context-Guided
Cross-Scale
Feature Fusion
Module)

Standard

Focal Loss to
handle class
imbalance and
optimized
weights for
losses

No

12. Ground
glass
pulmonary
nodule [34]

Small and
ill-defined objects,
and irregular
shapes

Introduced FCGE
(FasterNet +
ConvGLU + ELA)
blocks in
ResNet18

HiLo-AIFI
instead of AIFI
and DGAK
(Dynamic
Grouped
Alterable Kernel)
blocks for fusion
in CCFF

HiLo module to
replace
Multi-Head
Self-Attention

– Yes

13. Fruit
ripeness
detection [35]

High
computation and
multiple objects

PP-HGNet with
Rep Block (with
PConv) and
Efficient
Multi-Scale
Attention (EMA)
after the Stem
block

Standard Standard

Cross-space
learning by
reshaping
channel
dimensions
into batch
dimensions

No

14. Human
detection [36]

Limited
resolution, lack of
detail, and poor
contrast

ConvNeXt

Feature Pyramid
Network (FPN)
is added between
the backbone
and the encoder

Standard
GIoU loss is
replaced with
CIoU loss

No

15. Infrared
electrical
equip.
detection [37]

Small targets and
irregular target
shapes

ResNet18
backbone is
replaced with a
custom-designed
Multi-Path
Aggregation
Block (MAB)

The RepC3
module in the
neck (CCFM) is
replaced with the
GConvC3
module

Multi-Scale
Deformable
Attention
(MSDA)

BBox loss
function is
replaced with
Focaler-EIoU

Yes
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Table 1. Cont.

Authors and
Domain

Primary
Challenges

Backbone
Improvements Feature Fusion Attention

Mechanism
Additional
Innovations

Small
Object
Focus

16. Tomato
ripeness
detection [38]

Computational
cost and diverse
shapes, sizes, and
ripeness stages

ResNet-18 with a
custom PConv
Block

Neck network
with a
slimneck-SSFF
architecture
combining
GSConv,
VoVGSCSP, and
the SSFF module

Deformable
attention in AIFI
(encoder)

Integrated
Inner-IoU loss
with EIoU into
a new
Inner-EIoU loss

Yes

17. Wafer
surface defect
detection [39]

Small particle
defects and
elongated linear
scratches

ResNet50 with
Dynamic Snake
Convolution
(DSConv)

CCFM module is
replaced with a
custom Residual
Fusion Feature
Pyramid
Network
(RFFPN)

AIFI module in
the encoder is
replaced with
Deformable
Attention
Encoder (DAE)

– Yes

18. Jet engine
blade surface
defect
detection [18]

Small particles,
scratches, and
cracks

ResNet18 that
integrates partial
convolution
(PConv) and
FasterNet

CCFM is
replaced with
HS-FPN (with
channel attention
(CA) and
Selective Feature
Fusion (SFF)
module)

Standard

Introduced
IoU-aware
query selection
mechanism and
Inner-GIoU loss
fn

Yes

19. Rail defect
detection [40]

Small target
detection and
noise interference

ResNet-50 with
the Bottle2Neck
module from
Res2Net

Adds the
RepBi-PAN
structure to
enhance CCFF

Standard

Uses loss WIoU
and Hard
Negative
Sample
Optimization
Strategy

Yes

20. Infrared
ship
detection [41]

Small
low-contrast
objects, scale
disparity, and
complex marine
environments

CPPA backbone
(Cross-Stage
Partial with
Parallelized
Patch-Aware
Attention)

HS-FPN
(High-Level
Screening FPN)
with channel
attention

MDST
(Multi-Layer
Dynamic Shuffle
Transformer)

Multi-branch
feature
extraction
(local, global,
and
convolution)

Yes

21. Thermal
infrared object
detection [42]

Poor contrast and
noise interference

Introduced partial
convolution
(PConv) and
FasterStage to
optimize
ResNet18

Replaced RepC3
with FMACSP
(Feature Map
Attention
Cross-Stage
Partial)

Efficient
Multi-Scale
Attention (EMA)
in FMACSP
(attention in
fusion block)

– No

22. Remote
sensing object
detection [43]

Improving small
object detection in
remote sensing
imagery

Standard
Made EBiFPN
(enhanced BiFPN
with DySample)

Cascaded group
attention

Novel loss
function called
Focaler-GIoU

Yes

23. Coal
gangue
detection [44]

Computational
complexity, small
targets, indistinct
features, and
complex
background

FasterNet
network with
EMA attention to
improve
FasterBlock
module

In CCFM block,
RepC3 is
upgraded to
Dilated
Re-param Block
(DRB)

Enhances the
AIFI module
with improved
learnable
position
encoding

Data
augmentation
with Stable
Diffusion +
LoRA

Yes
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Table 1. Cont.

Authors and
Domain

Primary
Challenges

Backbone
Improvements Feature Fusion Attention

Mechanism
Additional
Innovations

Small
Object
Focus

24. UAV-based
power line
inspection [45]

Small object
detection, low
detection
accuracy, and
inefficient feature
fusion

Replaced with
GELAN
(Generalized
Efficient Layer
Aggregation
Network) for
better feature
extraction and
efficiency

Instead of CCFF,
handled within
GELAN,
improving
multi-scale
semantic fusion

Standard

New
Reweighted L1
loss focusing on
small objects

Yes

25. Drone
object
detection [31]

Small object
detection,
lightweight
model design,
and efficient
feature fusion

Introduces GSHA
block and MMSA
in ResNet18

Proposes
ESO-FPN, using
large kernels +
dual-domain
attention to fuse
features
effectively for
small objects

Standard

Introduces
ESVF Loss
(EMASlideVari-
Focal Loss) to
dynamically
focus on hard
samples

Yes

26. Tomato
detection [46]

Small object
detection,
occlusion
handling, low
detection
accuracy, and
efficiency in
complex
environments

ResNet-50
replaced with
Swin Transformer

Implicit fusion
via Swin
Transformer +
BiFormer
dual-level
attention (no
separate fusion
module)

Standard – Yes

27. RT-DETRv3
(General)
object
detection [47]

Sparse
supervision, weak
decoder training,
and slow
convergence

Retains ResNet
but adds
CNN-based
auxiliary branch
for dense
supervision
during training

Better encoder
learning from
auxiliary
supervision

Introduces
self-attention
perturbation and
shared-weight
decoder branch
for dense
positive
supervision
(training only)

VFL and
distributed
focus loss
(DFL)

Indirect

28. RTS-DETR
(general) object
detection [48]

Small object
detection,
positional
encoding
limitations, and
feature fusion
inefficiency

Standard

Improves CCFM
with Local
Feature Fusion
Module (LFFM)
using spatial and
channel
attention, and
multi-scale
alignment

Core attention
unchanged;
improved via
LPE and
attentional
fusion

Introduces new
loss using
Normalized
Wasserstein
Distance
(NWD) +
Shape-IoU for
better small
object
regression
accuracy

Yes

29. Aquarium
object
detection [49]

Small object
real-time
detection

HGNetv2 with
ImageNet
pre-training

Learnable
weights for
feature maps

Standard

Bottom-up
paths
preserving
details

Yes
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Table 1. Cont.

Authors and
Domain

Primary
Challenges

Backbone
Improvements Feature Fusion Attention

Mechanism
Additional
Innovations

Small
Object
Focus

30. Traffic sign
detection [50]

Small, distant,
and poorly
defined traffic
signs

FasterNet
Inverted Residual
Block

Enhanced CCFM
+ S2 shallow
layer integration

ASPPDAT (ASPP
+ Deformable
Attention
Transformer)

ASPPDAT,
Inner-GIoU
Loss, S2 fusion,
and FasterNet
in RT-DETR

Yes

31. Steel
surface defect
detection [51]

Resource
constraints in
industrial settings
and need for edge
deployment

MobileNetV3
(lightweight
architecture)

DWConv and
VoVGSCSP
structure

Standard

MPDIoU loss
function for
improved
bounding box
prediction

No

32. Open-set
object
detection [52]

Novel class
detection Standard

RepC3 is
replaced in
CCFM
(Manhattan
Self-Attention)

MaSA
(Manhattan
Self-Attention)

MPDIoU Loss,
a new
bounding box
regression loss

No

Learning from the Literature Review

The literature review of recent RT-DETR-based object detection models presented
in Table 1 reveals consistent efforts to address domain-specific challenges through archi-
tectural and methodological innovations. For the comparison, we evaluated the selected
works based on seven key features: application domain, primary challenges addressed,
improvements made to the backbone, feature fusion methods, attention mechanisms used
(primarily in the encoder and decoder), additional innovations, and whether the work
specifically targeted small object detection.

The total thirty-two studies highlight the extensive adoption of the RT-DETR model
across a variety of applications, such as drone-based imaging, remote sensing, industrial
defect identification (e.g., railways, surfaces, and wafers), and agricultural monitoring
(e.g., crops and livestock). A significant emphasis in these implementations lies in boost-
ing performance by introducing innovative loss functions. Many researchers have pro-
posed tailored bounding box regression losses, including EIoU, WShapeIoU, Focaler-IoU,
WIoU, Inner-IoU variants (such as Inner-EIoU and Inner-GIoU), NWD+Shape-IoU, and
MPDIoU, primarily to enhance localization precision, particularly for small or complex
objects. Additionally, some efforts focus on refining classification losses, such as Focal
Loss, ESVF Loss, and VFL/DFL, to address class imbalance or prioritize challenging
samples. Apart from advancements in loss functions, notable innovations encompass
architectural adjustments like contextual token modules (CoT), feature fusion methods,
specialized training approaches (e.g., two-step processes and hard negative optimiza-
tion), attention mechanisms, and cutting-edge data augmentation techniques leveraging
generative models.

In terms of feature fusion, most approaches adapted the Cross-Scale Feature Fusion
(CCFF) block, a CNN-based module originally designed to fuse features across different
scales. Regarding attention mechanisms, the focus is mainly on modifications or adjust-
ments applied to both the encoder and decoder. In the original RT-DETR architecture, the
Attention-based Intra-Scale Feature Interaction (AIFI) block applied self-attention to the
top-level features extracted by the backbone. Some works extended this by integrating
attention directly into the backbone or at other stages of the network—for example, in the
work by [35]. At least twenty-three of the reviewed works specifically focus on improv-
ing small object detection, which remains a persistent challenge across diverse domains,
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such as railway inspection, poultry monitoring, and aquarium surveillance. Across the
literature, there is no standard definition for a ‘small object’. It is typically defined by
quantitative criteria, such as absolute pixel count or relative size. For example, an object
is often considered small if it is less than 32 × 32 pixels (as in the MS COCO dataset) or
occupies less than 1% of the total image area. In specialized fields like aerial imagery, the
threshold can be even smaller, such as 20 × 20 pixels. Out of the twenty-three models, many
employ strategies like advanced feature fusion, attention mechanisms, and preservation of
low-level features to enhance detection accuracy for small targets. Additionally, multiple
works, including FHB-DETR [23] and MAFF-DETR [41], improve backbone efficiency by
incorporating lightweight modules such as Faster CGLU or MobileNetV3, indicating a
strong emphasis on reducing computational complexity for real-time or edge deployment
scenarios. Moreover, training strategies and loss function innovations are highlighted in
several models. The optimized RT-DETR with FAM in [25] introduces a two-stage train-
ing process that decouples localization from classification, improving convergence and
accuracy. Similarly, RS-DETR [43] proposes a novel loss function (Focaler-GIoU) aimed at
improving bounding box regression, especially for small and overlapping objects. These
innovations underscore a broader trend of adapting training pipelines to better fit the
detection objectives and dataset characteristics.

From Tables 1 and 2, several patterns emerge across RT-DETR backbone modifications.
A large number of works retain the original ResNet backbone but introduce targeted en-
hancements such as partial convolutions, gated units, or aggregation blocks (e.g., Entries
5, 7, 9, 15–19, 21, 25, and 27). Another group of methods replaces the backbone with
lightweight CNNs such as FasterNet, HGNet, GELAN, or MobileNetV3 (e.g., Entries 4, 6,
13, 23, 24, and 29–31), prioritizing efficiency for real-time industrial settings. Transformer-
inspired alternatives, including ConvNeXt and Swin Transformer (Entries 14 and 26),
emphasize global context modeling but increase computational costs. Attention-based
modules (e.g., Space-to-Depth, EMA, GHSA, MMSA, and CPPA) are commonly integrated
to enhance multi-scale representation, with particular focus on small object detection. Fi-
nally, several entries (3, 22, 28, and 32) retain the standard RT-DETR backbone to serve
as baselines. Overall, the literature shows a clear trade-off: lightweight CNN-based im-
provements generally preserve real-time speed but may struggle with very small object
detection, while attention-heavy or transformer-based backbones improve accuracy at the
expense of efficiency. Our approach differs in that it does not redesign the backbone but
instead introduces variations to increase the robustness of the encoder.

Furthermore, out of the derivates of RT-DETR that primarily adapted the original
RT-DETR model by modifying specific components—such as replacing the backbone with
a Swin Transformer in RT-DETR-Tomato [46]—RT-DETRv3 [47] represents a significant
evolution of the RT-DETR framework. While other models focused on improving detection
performance for certain use cases or object types (e.g., tomatoes or small objects) through
component-level changes, RT-DETRv3 directly addresses a fundamental limitation of the
RT-DETR architecture: the sparse supervision caused by one-to-one Hungarian matching
during training. Rather than simply enhancing existing modules, RT-DETRv3 introduces a
hierarchical dense positive supervision strategy that fundamentally rethinks how super-
vision is provided to both the encoder and decoder. Another model (not included in the
comparison) into which RT-DETR has evolved is RF-DETR (an SOTA Real-Time Object
Detection Model) [53]. RF-DETR improves upon the original RT-DETR by combining a
lightweight transformer design with a powerful pre-trained DINOv2 backbone, allowing it
to achieve higher accuracy (60+ mAP on COCO) while still running in real time. Unlike
RT-DETR, which focuses mainly on speed and simplicity, RF-DETR is designed for better
adaptability across domains.
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In summary, the literature demonstrates a clear focus on improving small object
detection, optimizing backbone architecture for efficiency, enhancing feature fusion, and
refining attention mechanisms. While each model tackles different application domains,
the recurring use of lightweight designs, multi-scale fusion, and custom attention modules
illustrates a shared direction in improving the robustness and applicability of RT-DETR-
based object detectors across real-world scenarios.

Table 2. Summary of design choices across surveyed works (numbers refer to papers 1–32 in Table 1).
This grouping highlights recurring trends and research gaps.

Category Representative Papers (IDs) and Observations

Backbone
innovations

All except 4 (3, 22, 28, and 32) apply modifications to the backbone.
Backbone modifications are the most common approach. Authors often
replace ResNet with lighter (MobileNetV3 and FasterNet) or specialized
designs (HGNetv2, GELAN, and ConvNeXt). This reflects the need for
stronger low-level feature extraction for small objects. However,
frequent reliance on ImageNet-pre-trained CNNs shows a trade-off:
novelty vs. transferability.

Neck/feature fusion
modules

All except 2 (2 and 13) apply modifications to the neck directly in the
feature fusion part. Multi-scale feature aggregation is nearly universal,
with BiFPN/EBiFPN, SOEP, slim-neck SSFF, and custom fusion blocks.
These methods improve small object recall but also add computational
overhead.

Training strategies
and supervision

Not so common as seen in works by 3, 13, 19, 23, and 29. Auxiliary
branches, two-step training, synthetic augmentation, and
diffusion-based data expansion are less common but strategically
important. This reflects recognition of data scarcity and weak
supervision for small targets. However, limited adoption indicates
challenges in reproducibility and computational costs.

3. Proposed New Child of RT-DETR
Transformer-based detectors leverage self-attention mechanisms to perform object lo-

calization across the entire image. However, as noted in [32], these models often emphasize
larger target regions, which can lead to sub-optimal performance when detecting small
objects. The modifications proposed should directly result in improving performance in
small object detection. There are three modifications that we build incrementally into one
final optimized configuration at the end.

3.1. Increasing Representational Capacity of Encoder

In the RT-DETR model architecture, the feed-forward neural network (FFN) within
each encoder layer plays a critical role in enhancing the model’s representational capacity.
This FFN is situated after the multi-head self-attention mechanism and follows the subse-
quent steps of layer normalization and the GELU activation function. Within the FFN, the
first linear transformation expands the dimensionality of the input embeddings, increasing
the feature space to allow for more complex representations. This expansion is followed
by another GELU activation, which introduces non-linearity into the processing pipeline.
Afterward, a second linear transformation compresses the expanded representation back to
the original dimensionality, ensuring compatibility with the rest of the encoder layer. Both
linear layers form the block of fully connected layers in the architecture. We decided to
experiment with replacing this block with the following layers:

• Hebbian Layer: Inspired by Hebbian theory, this layer updates weights based on
the correlation between the input and output neurons. The learning rule strengthens
connections where simultaneous activation occurs, but it lacks a mechanism to weaken
connections, which can lead to unbounded growth of weights.
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• Oja’s Layer: An extension of Hebbian learning, Oja’s rule modifies Hebbian learning
to include a normalization factor that prevents the weights from growing indefinitely.
It does this by introducing a forgetting factor, ensuring that the sum of the squares of
the weights converges to a constant, thus stabilizing the learning process.

• Randomized Layers: The concept of randomized layers involves using network com-
ponents where weights are randomly initialized and then frozen, exempting them
from training. In our implementation, we replace specific feed-forward (nn.Linear)
layers in the transformer encoder with a custom two-part module. The first part is a
hidden layer with fixed random weights, initialized uniformly between -1 and 1. The
second part is a standard, trainable output layer.

3.1.1. Detailed Discussion for Randomized Layers

As mentioned above, in our modification of the RT-DETR model with a Randomized
Neural Network (RNN), we replaced the standard feed-forward layers (fc1 and fc2) in
the first transformer encoder block. In this configuration, the hidden layer weights are
initialized randomly and remain fixed during training, while only the output layer weights
are learned analytically using a closed-form solution. Mathematically, the transformation
applied to the input x ∈ Rdin is as follows:

h = σ(Wrandx), y = Wouth

where Wrand ∈ Rdhidden×din is the fixed, randomly initialized weight matrix (drawn
uniformly in [−1, 1]), σ(·) is a non-linear activation function (e.g., sigmoid), and
Wout ∈ Rdout×dhidden is the output weight matrix.

Rather than training Wout via backpropagation, we compute it using the Moore–Penrose
pseudoinverse of the hidden activations. Given a batch of input samples X ∈ RN×din and
target outputs Y ∈ RN×dout , we first compute the hidden layer activations:

H = σ(XW⊤
rand)

Then, the optimal output weights minimizing the least squares error are given by

Wout = Y⊤H+

where H+ denotes the Moore–Penrose pseudoinverse of H.

Practical Considerations

Unlike backpropagation, the pseudoinverse is not naturally compatible with mini-
batch training: each batch yields a different H+ and hence a different local solution for Wout.
In our current implementation, we recompute Wout batch by batch, effectively treating each
update as an approximation rather than a single consistent global solution. This means that
Wout adapts locally to each mini-batch rather than being reconciled across the full dataset.
In principle, reconciliation can be achieved in several ways, for example, (i) by computing
Wout once using the entire training set (offline ELM-style training), (ii) by maintaining a
running buffer of activations and recomputing the pseudoinverse periodically on a larger
subset, or (iii) by adopting incremental least squares techniques such as Recursive Least
Squares (RLS) that update a single consistent Wout across mini-batches.

Motivation

The rationale behind this modification is twofold: (i) reduce training complexity
by avoiding gradient updates for certain layers and (ii) investigate whether randomized
feature mappings enrich the representation space for downstream detection. Random-
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ized projections have connections to kernel approximation and can, in some cases, im-
prove generalization, which may be particularly useful for challenging tasks such as small
object recognition.

Intuitive Explanation

The pseudoinverse can be understood as the operation that finds the ‘best fit’ weights
in the least squares sense. Concretely, we want Wout such that the predictions HW⊤

out are
as close as possible to the targets Y. Since an exact solution may not exist (or there may
be infinitely many), the pseudoinverse chooses the solution that minimizes the squared
error between predictions and targets. In other words, it plays the same role as ordinary
linear regression: finding the line (or hyperplane) that best fits the data by minimizing the
overall discrepancy.

3.2. Improving Extracted Features by Encoder

We argue that the encoded features produced by the original RT-DETR model are
insufficient, as they fail to capture the fine-grained details necessary for small object de-
tection. The following modifications, illustrated in Figure 2, were integrated into the
RT-DETR model to enhance its encoder’s feature processing, particularly for improv-
ing the detection of small objects and handling multi-scale features, while preserving
the AIFI and CCFF stages of the original architecture. Figure 2 is drawn in such a way
as to show from where the features were taken and which sections are then modified.
This can be directly seen in comparison to Figure 1 of the original architecture. The
arrow at the top in Figure 2 shows that the features passed inside the hybrid encoder
are adapted and then further passed on to the decoder. This figure also helps clarify
the implementation details, as the names shown in the figure correspond directly to
the layer names in the implementation of RT-DETR in PyTorch and the HuggingFace
Transformers library. The core components introduced are the Multi-Scale Feature Ex-
tractor module, the Fuzzy Attention module with positional encoding, and the Multi-
Resolution Fusion module, which operate on the encoder’s output after the hybrid encoder
has processed the multi-scale feature maps (S3, S4, and S5) from the backbone. The
Multi-Scale Feature Extractor employs convolutional layers with kernel sizes of 1 × 1,
3 × 3, 5 × 5, and 7 × 7 to extract features at multiple scales from the encoder’s last hidden
state, which already contains fused information from S3, S4, and S5 via CCFF. The larger
7 × 7 kernel captures broader contextual information, which is critical to detecting small
objects that may lack sufficient local detail in higher-resolution feature maps. These multi-
scale feature maps are concatenated and fused via a 1 × 1 convolution, creating a rich,
unified feature representation that enhances the encoder’s ability to represent small objects.
The Fuzzy Attention module further refines high-resolution features by incorporating
positional encoding and an attention mechanism, improving localization and emphasizing
relevant regions, which is particularly beneficial for small objects that require precise spatial
context. To leverage multi-resolution information, the Multi-Resolution Fusion module
extracts features from different encoder layers, representing transformed versions of S3,
S4, and S5 after AIFI, CCFF, and transformer processing; aligns their spatial dimensions
through upsampling; processes them with convolutional layers; and fuses them into a
single feature map. This fused feature map replaces the encoder’s last hidden state, provid-
ing the decoder with a more comprehensive representation that combines multi-scale and
multi-resolution information, thereby improving the detection of small objects by ensuring
that both fine-grained details and global context are preserved.
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Figure 2. The diagram illustrates the adapted RT-DETR model, which processes the output of the
hybrid encoder from the original model. The hybrid encoder combines backbone feature maps by
using AIFI and CCFF. The Multi-Scale Feature Extractor and Fuzzy Attention module then refine
this output, while the Multi-Resolution Fusion module combines features at different resolutions.
Finally, the adapted output is passed to the decoder. The adapted architecture enhances small object
detection and improves overall performance

3.3. Better Classification Loss

The original RT-DETR model employed a combination of three losses: classification
loss, regression loss, and Generalized Intersection over Union (GIOU) loss. However, in
this work, we have modified the loss function to improve the performance of the model
in a similar fashion to [33]. Specifically, we have replaced the traditional classification
loss with an adaptive focal loss (AFL) function. The AFL function is designed to adapt to
different classes and balance the loss between them, which can help to improve the model’s
performance on classification tasks.

Focal Loss = −α · (1 − pt)
γ · log(pt), (1)

where

- pt represents the predicted probability of the true class;
- α is a balancing factor to address class imbalance;
- γ is a focusing parameter that reduces the loss contribution from easy-to-classify

examples.
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To compute the loss, we first encode the ground-truth labels into one-hot vectors and
calculate the predicted probabilities by using the softmax function. The focal loss is then
computed for each class and aggregated across all samples. The final adaptive focal loss is
obtained by summing over the class dimensions and averaging across the batch:

Adaptive Focal Loss =
1
N

N

∑
i=1

C

∑
c=1

−α · (1 − pt,i,c)
γ · log(pt,i,c), (2)

where

- N is the batch size;
- C is the number of classes;
- pt,i,c is the predicted probability of class c for sample i.

This formulation allows the model to dynamically adapt its focus to challenging
examples, improving the classification accuracy for rare or difficult classes.

3.4. Final Configuration

In the final configuration of the proposed adapted RT-DETR model, the three previ-
ously described modifications were integrated to leverage their combined strengths and
achieve optimal performance. Together, these modifications produced a synergistic effect,
resulting in significantly improved outcomes compared with what could be achieved by
applying any single modification in isolation. The proposed modifications differ from
existing approaches in the literature in the following ways:

• The encoder’s representational capacity was enhanced by replacing the original fully
connected layer block with a more expressive structure.

• The features extracted by the hybrid encoder block were further refined using a
combination of a Multi-Scale Feature Extractor (to capture features at varying spatial
scales), Fuzzy Attention (to enhance multi-scale feature representation), and Multi-
Resolution Fusion (to combine features from different resolutions—low, medium, and
high—within the encoder).

• An adaptive focal loss was employed in place of the traditional classification loss.
Unlike the Focaler-IoU proposed in [43] and the focal loss for classification in [33],
this adapted loss function serves as a weighting mechanism in the classification part
designed to better support the detection of smaller objects.

In the provided final configuration, the original model is extended by post processing
the internal feature representations produced by the model’s encoder. The modifications
used for this are not inserted directly into the core architecture of the model, but instead
act as auxiliary processing blocks that enhance the model’s ability to capture and refine
multi-scale and multi-resolution information. Although the base architecture remains
intact, these additions increase the computational complexity of the model by introducing
extra convolutional layers and operations, thereby increasing the number of parameters
and processing time. At the same time, they enhance the effective complexity by improving
the model’s representational capacity, potentially leading to better performance on tasks
such as small object detection and fine-grained feature recognition.

4. Description of Datasets Used for Model Evaluation
4.1. Al-Cast Detection

The Al-Cast dataset consists of 126 X-ray images of high-pressure die-cast aluminum
parts, labeled for two types of internal defects: gas holes and shrinkage. The original images
were captured in TIFF format with a resolution of 1000 × 1000 pixels and 8-bit grayscale.
To facilitate their use in object detection algorithms, the images were later converted into
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JPEG format without any additional preprocessing. Figure 3 shows one image from the
dataset. The final dataset is divided into 2427 training images, 681 validation images, and
346 test images [54].

Figure 3. Sample from the Al-Cast dataset containing both defect classes: Gas Holes and Shrinkage.

4.2. Synthetic

To evaluate model performance under controlled conditions, a synthetic dataset con-
sisting of 900 images (300 each for training, validation, and testing) designed to simulate
various levels of occlusion and contrast was generated. The dataset includes two geometric
object classes—circles and triangles—randomly placed on a white background with varying
object sizes. The images in Figure 4 illustrate the challenges of partial occlusion under
varying contrast conditions (low and medium), with the first image showing medium
contrast and the second low contrast. In the dataset, each image contains a single object
and belongs to one of two occlusion categories: no occlusion or partial occlusion. The
images were originally created at a resolution of 480 × 480 pixels and saved in JPEG format.
Occlusions were applied using randomly sized and positioned gray rectangular blocks
to partially or heavily obscure the objects. For each occlusion and contrast combination,
corresponding bounding box annotations in YOLO format were generated. This synthetic
dataset is open-sourced, and it provides a controlled environment to assess object detection
robustness against varying visual challenges such as occlusion and contrast changes.

Figure 4. Images illustrating partial occlusion at different contrast levels from the synthetic dataset.
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4.3. SerDes Receiver Pattern

To evaluate pattern recognition performance in a structured text-based setting, a
synthetic dataset is formed with images generated from a single de Bruijn sequence. From
the work [55], it is shown that de Bruijn sequences can be used for the above-compliance
testing of SerDes receivers. The dataset simulates a grid-based textual environment by
rendering an error sequence of PAM4-digits (4-level Pulse Amplitude Modulation) (0, 1,
2, and 3) into 224 × 224-pixel grayscale images, where each character is displayed in a
9 × 9 grid layout. Within this sequence, predefined digit patterns—such as ‘010’, ‘030’,
and ‘333’—are found, and their corresponding bounding box annotations are generated in
YOLO format. These patterns are also referred as problematic subsequences (PSSs). An
example of such an image is shown in Figure 5. Learning from the START project [55], it
can be deduced that some short patterns have a high possibility of causing design errors,
and the aim is to find such small patterns. Each image encodes a contiguous 81-character
block from a larger sequence, ensuring that the dataset captures both spatial and contextual
variations in digit arrangement. The bounding boxes are precisely aligned to the grid cells
encompassing each detected pattern, enabling accurate localization. A total of 1506 training
images are used, and 205 images are used for validation.

Figure 5. Segment of an error sequence as an image exhibiting the pattern 030 from the SerDes pattern
dataset. The red box represents the bounding box drawn around the pattern 030.

4.4. PCB Dataset

The final quality inspection dataset used in this work is the PCB (printed circuit board)
missing hole dataset. The dataset is freely available on the Roboflow universe [56]. It
contains holes as defects in PCBs which are circular conductive areas with a small dark
circle in the center, which represents a hole drilled through the board. One such example is
shown in Figure 6. This type of feature is typically used for connecting component leads
(through-hole pads) or for creating electrical connections between different layers of the
PCB (vias). Overall, the dataset has 352 images divided as follows: 304 for training, 32 for
validation, and 16 for testing.

Figure 6. Image from the PCB quality inspection dataset, with the anomaly ’missing hole’ marked by
a bounding box.
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4.5. Blood Cell Object Detection Dataset

To further evaluate the generalization of our RT-DETR modifications beyond industrial
defect datasets, we performed experiments on a small-scale medical imaging dataset
consisting of blood cell images. This dataset was originally open-sourced by cosmicad
and akshaylambda and is publicly available via Roboflow [57,58]. It contains a total of
364 annotated images across three categories: white blood cells (WBCs), red blood cells
(RBCs), and platelets. The dataset is split into 255 training images, 73 validation images,
and 36 test images. The dataset provides a natural setting to assess small object detection
capabilities, as platelet instances are significantly smaller in pixel area compared with RBCs
and WBCs. A breakdown of object sizes per class is as follows:

• Platelets: 76 instances (51 small, 24 medium, and 1 large)
• RBCs: 819 instances (813 medium and 6 large)
• WBCs: 72 instances (10 medium and 62 large)

The dataset serves as a compact benchmark for testing medical imaging capabilities in
object detection models. Detecting platelets is particularly challenging due to their small
size, making this dataset well-suited for validating the small object detection improvements
proposed in this study.

5. Experiments and Results
The experiments in this study are based primarily on the Al-Cast industrial dataset,

selected for its relevance to the visual inspection domain. All optimization steps leading to
the final configuration were conducted on this dataset to ensure consistency and practical
applicability. The experiments were executed on Google Colab, utilizing a system with
12.7 GB of RAM and a GPU with 15.0 GB of memory, which provided sufficient computa-
tional resources for deep learning workflows. The implementation made use of various
Python libraries, including PyTorch for model development, Transformers for leveraging
pre-trained object detection models, Torchmetrics for evaluation using mean Average
Precision (mAP), and Albumentations for data augmentation. Additional tools such as
Roboflow, Supervision, and PIL were used to manage datasets and handle image process-
ing tasks. The same hyperparameters were used for all experiments, with the seed value
kept constant for reproducibility. The core implementation was adapted and extended
from an open-source example provided in a publicly available blog [59], which served as a
foundation for building and customizing the proposed approach. The model was trained
for different epochs mentioned separately for each experiment with fixed seed, batch size
of 16, learning rate of 5 × 10−5, a maximum gradient norm of 0.1, and a warmup period of
300 steps to stabilize training. To evaluate the model’s performance across a range of object
sizes, we adopted a standard categorization scheme based on bounding box area. Objects
were classified as small if their area was less than 32 × 32 pixels, medium if their area fell be-
tween 32 × 32 and 96 × 96 pixels (inclusive of the lower bound), and large if their area was
96 × 96 pixels or greater. These thresholds are commonly used in object detection bench-
marks, such as the COCO dataset.

5.1. Metrics

In object detection, evaluation metrics such as mAP (mean Average Precision) provide
a comprehensive measure of model performance. The most commonly used metric is
mAP@[0.5:0.95], which averages precision across multiple IoU (Intersection over Union)
thresholds ranging from 0.5 to 0.95 in steps of 0.05. Specific metrics like mAP@0.5 and
mAP@0.75 correspond to precision at single IoU thresholds, representing lenient and
strict localization criteria, respectively. Additionally, mAP is reported for different object
sizes—small, medium, and large—based on the area of ground-truth boxes. These metrics
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are calculated by matching predicted boxes to ground truths using IoU, then computing
precision–recall curves and averaging the area under these curves to obtain the final
AP values.

5.2. Al-Cast Dataset
5.2.1. Experiment 1: Comparison of Object Detection Models

In this experiment, we evaluate the performance of recent object detection models
using the Al-Cast industrial dataset. The models are summarized below:

• YOLO-NAS: It is the item of progressed Neural Architecture Search incorporated in
object detection, meticulously designed to address the confinements of past YOLO
models [60]. Evaluated using pre-trained weights (COCO) and after fine-tuning for
20 epochs on the Al-Cast dataset.

• YOLO11vS: One of the most recent model in Ultralytics’ YOLO series of real-time
object detectors [61]. Yolo11Vs model version evaluated using pre-trained weights
(COCO) and after fine-tuning for 20 epochs on the Al-Cast dataset.

• OWL-ViT: A foundation model based on a CLIP backbone [62], pre-trained on COCO
and OpenImages (1.7M images). Fine-tuning for object detection is currently infeasible
due to the lack of text descriptors for bounding boxes, as you need both for fine-tuning
and only image modality with bounding boxes.

• RT-DETR: Trained on the COCO 2017 dataset (200k images) and evaluated using both
pre-trained weights and fine-tuning for 20 epochs on the Al-Cast dataset.

Table 3 presents the results, highlighting performance differences across the models.

Table 3. Comparison of object detection models on the Al-Cast validation set, fine-tuned for 20 epochs.

Model Direct Inference mAP@0.50

YOLO-NAS 0 0.7507

YOLO11s 0 0.7000

OWL-ViT 0 –

RT-DETR 0 0.7560

Next we want to evaluate performance in small object detection. With the original
model configuration of standard RT-DETR, the mAP scores across object sizes (based on
COCO area definitions) after 100 epochs of training on validation set were as follows:

• mAP (small) (area < 322 pixels): 0.389;
• mAP (medium) (322 < area < 962 pixels): 0.589;
• mAP (large) (area > 962 pixels): N/A.

5.2.2. Experiment 2: Comparison of Alternatives to FCNN

In this experiment, we explore the effect of Modification 1. This can be seen in Table 4,
where after 20 epochs of training, the best results were achieved when the Randomized
Neural Network replaces the feed-forward part.

To further explore the potential of the best-performing alternative, the Randomized
Neural Network was fine-tuned for 100 epochs. The best result achieved was the following:

• Overall mAP@0.50: 0.619 (validation set).

Despite this improvement, challenges in detecting small objects remained evident.
RT-DETR, even with the addition of a Randomized Neural Network and extended training,
struggled to accurately detect small objects. This limitation was observed during evaluation
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on the validation set. The mAP scores across object sizes (based on COCO area definitions)
after 100 epochs on validation set were as follows:

• mAP (small) (area < 322 pixels): 0.23;
• mAP (medium) (322 < area < 962 pixels): 0.83;
• mAP (large) (area > 962 pixels): N/A.

Table 4. Performance on the validation set of alternative layers replacing the feed-forward network
(fine-tuned for 20 epochs).

Layer Type Direct Inference mAP@0.50:0.95 mAP@0.50 mAP@0.75

Linear (original) 0 0.39 0.75 0.34

HebbianLayer 0 0.43 0.82 0.40

Oja’s Layer 0 0.33 0.70 0.24

Randomized Neural Network 0 0.45 0.88 0.40

Performance also varied by defect type, correlating with object size (after 100 epochs
on the validation set), and the dataset had the following object size distributions:

• Training set: Small—2823, medium—1271, and large—0;
• Validation set: Small—788, medium—339, and large—0;
• Gas Holes (primarily small objects): mAP = 0.233;
• Shrinkage (larger objects): mAP = 0.739.

Even though the overall mAP@0.50 increased from 0.619 to 0.88, the performance in
small object detection became worse, as evidenced by a drop in mAP (small) from 0.389 to
0.23. These results emphasize the difficulty of small object detection in industrial contexts,
especially when using models like RT-DETR that may not be optimized for such use cases.
Even after having more samples for small-sized defects, the performance remains poor.

5.2.3. Experiment 3: Randomized Layers with Enhanced Encoder Features

In this experiment, we explore the effect of Modification 2, that is, improving the
extracted features from the last layer of the encoder with the Multi-Scale Feature Extractor
module, the Fuzzy Attention module with positional encoding, and the Multi-Resolution
Fusion module, together with the randomized layer part instead of the FCNN. Under
this configuration, the randomized layers extract improved feature maps; then the final
output of the encoder is adapted by fusing the different parts according to the resolution to
leverage both fine-grained and high-level semantic information.

The results are displayed in the Table 5. These show the performance on the validation
set after 100 epochs of training with two adaptations.

Table 5. Performance metrics for Modifications 2 + 1 on the validation set after 100 epochs.

Overall mAP@0.5 0.914

mAP@0.5 (Small Objects) 0.412

5.2.4. Experiment 4: Final Configuration with Combination of Adaptive Focal Loss and the
Other Two Modifications

This experiment represents a comprehensive evaluation of the combined impact of
three modifications on object detection performance on the Al-Cast detection dataset.

The results of this experiment is shown in Table 6. It focuses on using all the adapta-
tions at once.
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Table 6. Performance metrics for the final configuration (Modifications 1 + 2 + 3) on the validation set
after 100 epochs.

Overall mAP@0.5 0.920

mAP@0.5 (Small Objects) 0.513

Final comparison on test set after the model was trained for 100 epochs. The results are
shown in the Table 7. The experimental results showed a notable improvement in overall
detection performance, with an mAP@0.5 of 0.900 on the test set, confirming the effective-
ness of the proposed enhancements. For all the other datasets, we compared the results
between the original model and the developed final configuration (Modifications 1 + 2 + 3),
especially on small objects wherever possible. With the Al-Cast dataset, the optimized
configuration demonstrated a significant improvement in detecting small objects, achieving
an mAP@0.5 of 0.513 compared with 0.389 in the original model. This corresponds to a
performance increase of approximately 31.9%. The results highlight the effectiveness of
the optimization in enhancing small object detection capabilities. This can also be seen
when the performance is compared with the latest release of YOLO detectors, which is
the eleventh version. Using the model, performance in the mAP@0.5 metric was com-
parable to that of our adapted RT-DETR model. However, it still lagged behind in the
mAP@0.50:0.95 metric. Furthermore, in order to have a better understanding of the effects
of the modifications on the inference time, two experiments were conducted. The original
RT-DETR model was directly compared with our adapted RT-DETR model firstly on the
Google Colab platform and secondly on a local laptop with 12 GB RAM and a 2 GB NVIDIA
GPU MX450. In the first experiment, an average inference time of 0.787 s per sample was
seen with the original configuration versus 0.798 s. In the second experiment, an average
inference time of 7.881 s with the original configuration was observed versus the 7.957 s
with the optimized configuration. These results show that despite incorporating additional
preprocessing steps, there was no significant increase in processing time.

Table 7. Comparison of test set results on the Al-Cast dataset using optimized RT-DETR (final
configuration), original RT-DETR, and YOLOv11.

Final Config (Modifications 1 + 2 + 3) mAP@0.5 = 0.900 mAP@0.50:0.95 = 0.750 mAP@0.75 = 0.630

Original RT-DETR mAP@0.5 = 0.590 mAP@0.50:0.95 = 0.330 mAP@0.75 = 0.280

YOLO11vS mAP@0.5 = 0.914 mAP@0.50:0.95 = 0.512 mAP@0.75 = N/A

5.2.5. Experiment 5: Ablation Study for All the Modifications

To individually study the effect of the adaptive focal loss, the Multi-Scale Feature
Extractor, and the Fuzzy Attention module, an ablation study was performed. In each run
everything else was kept, such as the hyperparameters, etc. What changed was that in the
first run, the features from the encoder were directly passed only to the multi-resolution
feature extractor with fusion; in the next run, this was removed, and the features were
directly passed to the Fuzzy Attention module. However, in both cases, adaptive focal loss
was still used, and in the last run, the original RT-DETR model was trained with only the
adaptive focal loss and no Multi-Scale Feature Extractor or Fuzzy Attention module.

A comparison on the test set after the model was trained for 100 epochs can be seen
below in Table 8. The results above show that the blocks individually have similar perfor-
mance (mAP@0.50:0.95 = 0.480 vs. mAP@0.50:0.95 = 0.470 vs. mAP@0.50:0.95 = 0.469) on
the test set after 100 epochs of training and that only when all of them are added together,
the best results are achieved, with mAP@0.50:0.95 = 0.750.
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Table 8. Comparison of test set results on the Al-Cast dataset with each modification applied separately.

Only Feature Extractor mAP@0.5 = 0.810 mAP@0.50:0.95 = 0.480 mAP@0.75 = 0.540

Only Fuzzy Attention mAP@0.5 = 0.850 mAP@0.50:0.95 = 0.470 mAP@0.75 =0.480

Only Adaptive Focal Loss mAP@0.5 = 0.710 mAP@0.50:0.95 = 0.469 mAP@0.75 = 0.420

5.3. Synthetic Dataset

Table 9 presents the comparison of object detection performance (measured by mean
Average Precision, mAP@0.5, for small objects on the validation set) between the original
and final configurations. The model was trained for 20 epochs. In the No-Occ—Low
Contrast scenario, both the original and optimized configurations achieved identical
performance, with an mAP of 0.800, suggesting that the optimization did not yield fur-
ther improvement under these specific conditions for small objects. However, for the
No-Occ—Medium Contrast case, the optimized configuration slightly improved the mAP
from 0.623 to 0.642, indicating better feature extraction or generalization under medium
contrast without occlusion.

Table 9. Comparison of mAP@0.5 for small objects on the synthetic dataset validation set between
the original and final configurations.

Condition Original Final Configuration

No-Occ—Low Contrast 0.800 0.800

No-Occ—Med Contrast 0.623 0.642

Partial-Occ—Low Contrast 0.785 0.812

Partial-Occ—Med Contrast 0.688 0.808

5.4. Pattern Dataset

Table 10 presents the performance results of the original and optimized configurations
on the pattern dataset, evaluated using mean Average Precision (mAP@0.5) across three
subsets: PSS1, PSS2, and PSS3. All the three patterns are designed to be small objects
as defining objects. The performance shown is on the validation set after the model was
trained for 20 epochs. The final configuration demonstrates improved performance on
two out of the three subsets. For PSS1, the mAP increased from 0.903 to 0.932, and for
PSS3, it rose from 0.881 to 0.918, indicating enhanced detection capability in these subsets.
Although there is a slight decrease in PSS2 (from 0.943 to 0.936), the difference is minimal
and does not significantly impact the overall trend.

Table 10. Comparison of mAP@0.5 for small objects on the pattern dataset validation set between the
original and final configurations.

Subset Original Final Configuration

PSS1 0.903 0.932

PSS2 0.943 0.936

PSS3 0.881 0.918

5.5. PCB Dataset

The dataset is split into 304 training images, 32 validation images, and 16 test images,
indicating a relatively small but structured dataset for model development and evaluation.
Upon further evaluation, the validation set of the dataset reveals an uneven object size
distribution within the ‘Design’ class, which represents holes, with a total of 72 instances.
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The objects are categorized as medium-sized (62 instances), followed by a smaller portion
of small-sized objects (10 instances), while no large-sized objects are present. The results
obtained on the validation dataset with hyperparameters kept constant as indicated before
are presented in Table 11.

Table 11. Comparison of metrics on the PCB dataset validation set between the original and final
configurations after 100 epochs of training.

Metric Original Final Configuration

mAP@0.5 0.898 0.890

mAP@small 0.252 0.337

mAP@medium 0.431 0.459

Notably, the final configuration or newly adapted RT-DETR, despite incorporating
additional preprocessing steps, did not contribute to any increase in processing time,
achieving an average inference time of 0.477 s per sample—comparable to the original
configuration (0.468 s) on the Google Colab platform.

5.6. Blood Cell Object Detection Dataset

We further validated our approach on the Blood Cell Detection Dataset, a small-
scale medical imaging dataset containing 364 annotated images across three classes: red
blood cells (RBCs), white blood cells (WBCs), and platelets. The dataset is divided into
255 training images, 73 validation images, and 36 test images [58]. A key challenge of this
dataset lies in the highly imbalanced object size distribution. Platelets, in particular, are
very small, with 51 small instances, 24 medium instances, and only 1 large instance across
the dataset. In contrast, RBCs and WBCs are predominantly medium or large in size. This
makes the dataset particularly relevant for evaluating small object detection performance
in a medical imaging context. Table 12 summarizes the results on the validation set
using the same hyperparameters as in earlier experiments. The proposed modifications
yielded improvements in detecting small platelet instances. Specifically, mAP@0.5 for the
platelets class improved from 0.449 to 0.547, confirming that the architectural modifications
targeting small object detection generalized effectively also beyond industrial data to
medical imagery.

Further per-class analysis reveals additional gains:

• mAP for RBC detection improved from 0.5126 to 0.5202.
• mAP for WBC detection saw the largest absolute increase, rising from 0.7770 to 0.870.

Table 12. Comparison of metrics on the BCCD dataset validation set between the original RT-DETR
configuration and the final adapted model after 100 epochs of training.

Metric Original Final Configuration

mAP@0.5 (overall) 0.872 0.881

mAP@0.5 (platelets) 0.449 0.547

6. Discussion
In general, for all experiments conducted on Google Colab, the inference time was

similar across both the optimized and original configurations. Notably, the optimized
configuration, despite incorporating additional preprocessing steps, did not contribute to
any increase in processing time, maintaining the same inference latency as the original
setup. This preservation of processing efficiency, alongside the observed improvements in
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mAP metrics, highlights a significant advantage for real-time visual inspection systems,
where both rapid and accurate detection are paramount. Furthermore, the cumulative
application of multi-scale feature extraction, fuzzy attention with positional encoding, and
adaptive focal loss resulted in a more robust and accurate detection model.

This study investigated the modification of the RT-DETR object detection model for
improved performance, particularly in the context of detecting small objects in industrial
defect datasets. Our experiments focused on three key modifications: (1) replacing the
feed-forward network (FFN) with alternative layers, (2) fusing feature maps from multiple
encoder layers and refinement of extracted knowledge, and (3) incorporating adaptive
focal loss instead of standard classification loss. We evaluated these modifications on the
real-world aluminum casting defect dataset (Al-Cast). The best model configuration was
then tested on three other datasets.

6.1. Experiment 2 (Modification 1: Randomized Layers)

Replacing the FFN with randomized layers yielded the best initial improvement in
mAP on the Al-Cast validation set (Table 4). Further fine-tuning increased the overall
mAP@0.5 to 0.619, while the performance on small objects remained a significant challenge
(mAP (small) = 0.23). This highlights the inherent difficulty of detecting small objects,
even with architectural modifications and extended training. The performance variation
across defect types (e.g., 0.233 mAP for smaller objects versus 0.739 mAP for larger ones)
further underscores the size-dependent performance limitations. This suggests that simply
replacing a single component (the FFN) within a large, pre-trained model like RT-DETR is
insufficient to overcome the challenges posed by small objects, which may require more
fundamental changes to the model’s architecture or training strategy.

6.2. Experiment 3 (Modifications 1 + 2: Randomized Layers with Enhanced Encoder Features)

Combining Modification 1 with feature map fusion (Modification 2) led to a substantial
improvement in both overall mAP@0.5 (0.914) and mAP@0.5 for small objects (0.412) on
the Al-Cast validation set (Table 5). This indicates that leveraging both fine-grained (from
earlier encoder layers) and high-level semantic information (from later layers) is crucial
to enhancing small object detection. The fusion process likely allows the model to better
integrate local details with global context, improving its ability to distinguish small defects
from the background.

6.3. Experiment 4 (Modifications 1 + 2 + 3: Final Configuration)

The final configuration, incorporating all three modifications, achieved the highest
performance on the Al-Cast validation set (Table 6), with an overall mAP@0.5 of 0.920 and
a small object mAP@0.5 of 0.513. This demonstrates the synergistic effect of the combined
modifications. The improvement in small object detection, while still not perfect, represents
a significant advancement compared with the baseline RT-DETR model and the individual
modifications. The comparison on the Al-Cast test set (Table 7) confirms the substantial
performance gain of the optimized configuration over the original RT-DETR.

6.4. Synthetic and Pattern Datasets

The results on the synthetic and pattern datasets (Tables 9 and 10) provide further
insights into the strengths and limitations of the optimized configuration. On the synthetic
dataset, the optimized configuration showed improvements in scenarios with partial
occlusion and medium contrast, suggesting enhanced robustness to these challenging
conditions. The minimal differences in the No-Occ—Low Contrast scenario indicate that
the original model was already performing well under those easier conditions. More notable
improvements were observed under the Partial Occlusion conditions. For Partial-Occ—Low
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Contrast, the mAP increased from 0.785 to 0.812, and for Partial-Occ—Medium Contrast,
the mAP showed a significant rise from 0.688 to 0.808. These improvements suggest
that the optimized configuration is more robust to occlusion and varying contrast levels.
On the pattern dataset, the optimized configuration consistently improved performance
across most subsets (PSS1 and PSS3), demonstrating its ability to generalize to different
types of small objects. The slight decrease on PSS2 is negligible and is very close to the
optimized configuration.

6.5. PCB Dataset

The results on the PCB dataset also show a pattern similar to that of the Al-Cast
detection dataset. The results are presented in Table 11. The results presented in the table
compare the performance metrics of the original and optimized configurations on the
PCB validation set, evaluated at the end of a 100-epoch training period. Across metrics
for small- and medium-sized objects, the optimized configuration demonstrates superior
performance compared with the original setup. For smaller objects, the mAP@small metric
saw a substantial increase from 0.252 to 0.337, highlighting the optimized configuration’s
enhanced capability in detecting smaller features.

6.6. BCCD Dataset

The experimental results on the BCCD dataset validate the efficacy of the proposed
architectural modifications in enhancing small object detection performance, as summa-
rized in Table 12. Furthermore, the gains extend to other blood cell classes: the mAP@0.5
for red blood cells (RBCs) rose from 0.5126 to 0.5202, while that of white blood cells (WBCs)
saw a leap from 0.7770 to 0.8702. It is worth noting that the platelet class remains the
lowest-performing class. This suggests that there remains room for further optimization.

Overall, the newly adapted RT-DETR model demonstrates consistent or improved
performance in all test scenarios. This study provides a strong foundation for developing
more effective object detection systems for industrial applications, where the accurate
detection of small defects is critical to quality control and process optimization.

7. Conclusions
To significantly improve the RT-DETR object detection model for detecting small

objects in industrial defect datasets, it is essential to tailor the RT-DETR model specifi-
cally to the characteristics and challenges of industrial environments. To address this,
having better loss function and integrating multi-scale feature aggregation techniques and
improved transformer-based attention mechanisms can enhance the model’s ability to
capture low-level spatial cues across different scales. This is supported by our experiments
and can also be seen in the literature review, where out of thirty-two works, only two
use the standard original feature fusion module, while the others introduce some form
of innovation in this aspect. This study demonstrated that the RT-DETR object detection
model, while generally effective, can be significantly improved for detecting small objects
in industrial defect datasets through the proposed targeted modifications. These modifica-
tions, especially when combined, resulted in substantial performance gains on a real-world
aluminum casting defect dataset (Al-Cast), as evidenced by improvements in mAP for
small objects, which increased from 0.389 to 0.513. The newly adapted RT-DETR model
introduced in this work also showed improvements on the other datasets used in this work
for validation. The results underscore the inherent challenges of small object detection in in-
dustrial settings, where limited visual features and variations in appearance make accurate
detection difficult. Even with significant architectural modifications, perfect detection of
small objects remains an open problem. However, the improvements achieved in this study
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demonstrate the effectiveness of our approach and provide a strong foundation for further
research. One area highlighted is that improving only the encoders can result in significant
performance improvement. A strong image encoder should excel at converting images into
rich, informative numerical representations. These representations enable higher accuracy
on vision tasks and better discrimination between visual concepts, especially similar ones.
Finally, while the individual modifications presented in this work may build upon existing
techniques, their novel combination offers a significant contribution by streamlining the
RT-DETR architecture. The key advantage of our approach lies in its compatibility with
pre-trained RT-DETR models, as we refined the features extracted by the hybrid encoder,
and this can also be performed for already-trained models.

Adapting the original RT-DETR model made detection more robust for small objects
without sacrificing real-time speed. For automated visual inspection lines, this uplift
directly translates into fewer missed micro-defects, earlier detection of process drifts,
and measurable reductions in re-labeling. Because the performance boost remains stable
on images with occlusion, low contrast, and other noise, integrators can expect greater
robustness and less frequent camera or lighting re-calibration. The experiments also
reinforce an emerging consensus in the literature that domain-specific tweaks to the neck,
loss, and especially the encoder yield larger returns than simply deploying an off-the-
shelf detector, encouraging manufacturers to collect pilot imagery, fine-tune backbones,
and explore self-supervised pre-training to cut annotation costs. Furthermore, a key
challenge in small object detection is extracting sufficient semantic information from deep
learning models, as rich semantic content is crucial to learning discriminative features
and achieving better detection performance. This is performed by our modifications
working as extra preprocessing layers and further enhancing the features from the encoder,
which results in improvements in small object detection. The takeaway message is that
improving robustness of the encoder would become the cornerstone for improving small
object detection. However, while our encoder-focused modifications partially improve
feature preservation, they cannot fully overcome fundamental information bottlenecks.
And this is seen with the absolute values in terms of improvement seen in the mAP values,
which remain modest for almost all datasets.

Despite the improvements achieved in this work, several limitations remain. First,
the proposed modifications increase the risk of overfitting, particularly when training on
limited or imbalanced industrial datasets. This makes careful regularization and data
augmentation strategies essential to stable performance. Second, although our approach
improves detection of small objects, performance still needs improvement for extremely
small targets that occupy only a few pixels. Third, our method was evaluated on limited
defect datasets, so further validation on diverse real-world datasets with different imaging
conditions (e.g., varying lighting, motion blur, or sensor noise) is necessary to establish
broader generalizability. Addressing these limitations constitutes an important direction
for future research. Concretely, future work will focus on leveraging deterministic methods,
such as Centered Kernel Alignment (CKA), as additional loss functions to better regularize
and align the encoder representations. We also aim to investigate semi-supervised learning
approaches to improve the robustness of the encoder, particularly when annotated data
are limited.

In conclusion, by improving the ability to detect minor defects, visual inspection
systems can help improve product quality, minimize waste, and improve manufacturing
efficiency. For this robust object detection, better models are required where our adapted RT-
DETR can play a vital role. For further development, future efforts will involve exploring
advanced data augmentation strategies, refining the encoder architecture of RT-DETR
further, testing alternative loss functions and matching algorithms, evaluating ensemble
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techniques, and employing Explainable AI (XAI) approaches to better understand the
model’s performance and pinpoint opportunities for further enhancement. Additionally,
exploring self-supervised pre-training strategies on large-scale datasets could improve the
encoder’s capability of learning optimal feature representations, especially in scenarios
with limited labeled data. The ongoing quest to improve small object detection remains
a vital area of study in computer vision, with substantial potential to influence various
industrial fields.
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