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Abstract. This paper presents a novel approach to enhancing object detection efficiency by inte-
grating multi-level features within a transformer architecture. Traditional object detection methods
often rely on single-level feature representations, which may limit their ability to accurately detect
objects of varying sizes and complexities. By leveraging multi-level feature integration within the
transformer framework, our method captures a richer set of spatial and semantic information, lead-
ing to more precise and robust object detection. The powerful attention mechanisms of transformers
are utilized to effectively combine these features, improving detection accuracy and localization. The
proposed approach is evaluated on the PASCAL VOC benchmark dataset, demonstrating superior
performance over conventional single-level feature-based methods. Experimental results show that
our model achieves an mAP@0.5 of 87% on PASCAL VOC, outperforming recent state-of-the-art
methods while maintaining computational efficiency. These findings highlight the potential of multi-
level feature integration within transformers in advancing the field of object detection.

Keywords. high resolution, multi-level features, object detection, transformer.

1. INTRODUCTION

Object detection is a fundamental task in computer vision with widespread applications
in fields such as autonomous driving [1], surveillance [2], and medical imaging [3]. The
goal of object detection algorithms is to identify and localize objects of interest within
an image, providing crucial information for downstream tasks. Traditional object detection
methods often rely on handcrafted features and manually designed architectures, which may
struggle to handle the complexities and variations present in real-world images. However,
recent advancements in deep learning, particularly with the introduction of Transformer
architectures, have revolutionized the field by offering powerful tools for feature extraction
and representation learning.

Transformers [4], initially proposed for natural language processing tasks, have shown re-
markable success in computer vision tasks, including image classification, segmentation, and
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object detection. Unlike traditional convolutional neural networks (CNNs) [5, 6], Transform-
ers leverage self-attention mechanisms to capture long-range dependencies and relationships
between different image regions effectively. In addition to the Transformer architecture, the
integration of multi-level features has emerged as a crucial strategy for improving object
detection performance. Objects in images can vary significantly in scale, orientation, and
appearance, making it challenging for traditional detectors to achieve accurate localization
and classification. By incorporating features from multiple levels of abstraction, ranging
from low-level edges to high-level semantic representations, models can better capture the
rich contextual information necessary for robust object detection. Furthermore, the impor-
tance of high-resolution input data cannot be understated, as it enables detectors to capture
fine-grained details and subtle visual cues that are essential for accurate localization and
classification.

In this paper, we propose a novel object detection approach that uniquely integrates
multi-level features extracted from a Swin Transformer backbone with Positional Encoding,
combined with the computational efficiency of Linformer in the Transformer encoder. Un-
like existing methods such as Deformable DETR [7], or Conditional DETR [8], our method
effectively captures contextual information across multiple feature scales while significantly
reducing computational complexity. By leveraging the expressive power of Transformers,
the rich representation of multi-level features, and the efficiency gains from Linformer, our
approach aims to improve detection accuracy, especially for objects at varying scales, with-
out incurring high computational costs. We evaluate the proposed method on standard
benchmark datasets, and the results demonstrate its effectiveness and competitive perfor-
mance compared to state-of-the-art approaches. Extensive experiments and analysis provide
insights into the advantages and potential impact of our method for advancing object de-
tection.

The remainder of this paper is organized as follows. Section 2 reviews related work on
object detectors, Transformers, and hierarchical vision Transformers. Section 3 describes
the proposed S-DETR architecture, including multi-level feature fusion, positional embed-
ding, Linformer-based encoding, and the bipartite matching loss. Section 4 presents the
experimental settings, datasets, evaluation results, and ablation studies. Finally, Section 5
concludes the paper and discusses potential directions for future research.

2. RELATED WORKS

2.1. Object detector

In recent years, object detection has advanced significantly thanks to deep learning.
Among proposed models, DETR (Detection Transformer) [9, 10] stands out due to its novel
architecture and strong performance. Traditional two-stage methods like R-CNN and its
variants [11, 12] achieve high accuracy but suffer from computational inefficiency due to
their sequential pipeline of region proposal and classification. This limitation has led to
single-stage models such as YOLO [13] and SSD [14], which enable real-time detection but
often struggle with small objects and precise localization. Figure 1 compares the workflows
of Faster R-CNN and DETR.

DETR [9], proposed in 2020, reformulates object detection as a direct set prediction prob-
lem using the Transformer architecture. It eliminates handcrafted components like region
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Figure 1: Comparison of the workflow between Faster R-CNN and DETR models

proposals, anchor boxes, and NMS, instead leveraging attention mechanisms to directly pre-
dict object classes and bounding boxes in an end-to-end manner. This simplifies the pipeline
and improves flexibility in handling objects of varying sizes and shapes. Experiments on the
COCO [15] dataset demonstrate competitive performance with faster inference compared to
strong two-stage models.

DETR has inspired many extensions, including Deformable DETR and Conditional
DETR, which improve spatial modeling and contextual reasoning. It has also been applied
to tasks such as instance segmentation, panoptic segmentation, and video object detection,
highlighting its adaptability. However, DETR still has limitations, including high compu-
tational cost due to self-attention and reduced performance in cluttered or occluded scenes
where local context is critical.

2.2. Transformer

Transformers [4] have revolutionized the field of natural language processing (NLP),
with significant applications in speech recognition [16], speech synthesis [17], and natural
language generation [18]. Unlike recurrent neural networks (RNNs) such as LSTM [19],
which process sequential data step by step, Transformers utilize stacked self-attention layers
to effectively capture long-range dependencies. This design enables Transformers to process
entire sequences in a single computation while leveraging deep architectures to enhance
performance.

The Transformer architecture consists of two main components: the Encoder and the
Decoder. The Encoder is composed of multiple layers, each containing two key compo-
nents: Multi-Head Self-Attention and a Feed-Forward Neural Network. The Multi-Head
Self-Attention mechanism allows the model to focus on different parts of the input sequence
simultaneously rather than relying on a single attention layer. The output from this mech-
anism is then passed through a Feed-Forward Neural Network, which consists of two linear
layers with a non-linear activation function in between, enhancing the model’s representation
capability. Similarly, the Decoder has multiple layers but includes an additional attention
mechanism to focus on the output of the Encoder, enabling it to utilize input information
when generating the output sequence. To improve stability and efficiency, both the Encoder
and Decoder incorporate Layer Normalization and Residual Connections.
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2.3. Hierarchical vision transformers in object detection

Recent advancements in vision transformers have introduced several hierarchical archi-
tectures that aim to improve feature representation and computational efficiency in object
detection. Swin Transformer [20, 21] introduces a shifted window attention mechanism,
which enables efficient local and global feature interactions while maintaining a hierarchical
structure similar to CNNs. This design significantly reduces computational complexity com-
pared to vanilla Vision Transformer (ViT) [22], which relies on global self-attention across
all image tokens, making it less efficient for high-resolution inputs.

Another competitive hierarchical model is ConvNeXt [23], which revisits standard CNN
architectures with Transformer-inspired modifications, such as depthwise convolutions and
LayerNorm. While ConvNeXt achieves strong performance with efficient inductive biases, it
lacks the adaptive feature learning capabilities of vision transformers like Swin Transformer.
Compared to these models, Swin Transformer v2 enhances stability through post-norm at-
tention and improved normalization techniques, making it a well-suited backbone for object
detection.

Table 1: Computational complexity and accuracy of vision backbones

Backbone GFLOPs Parameters (M) Top-1 Accuracy (%)
ResNet-50 4.1 25M 76.2
ResNet-101 7.8 45M 7.4
ViT-B/16 17.6 86M 84.0
ConvNeXt-Tiny 4.5 28M 82.1
Swin-T v2 4.7 29M 82.8
Swin-S v2 8.7 50M 83.5

Table 1 presents a comparative analysis of different vision backbones in terms of FLOPs,
parameter count, and Top-1 accuracy on ImageNet-1K. Traditional CNN-based models like
ResNet provide a good trade-off between efficiency and accuracy, but cannot capture long-
range dependencies. ViT, on the other hand, achieves higher accuracy but comes with a
significant computational cost due to its self-attention mechanism. ConvNeXt introduces
improvements over CNNs, achieving better accuracy while maintaining moderate complexity.
Swin Transformer v2, with its shifted window attention mechanism, balances computational
efficiency and accuracy, outperforming ConvNeXt and ResNet while being more scalable
than ViT. The comparison in Table 1 highlights the advantages of Swin Transformer v2 as
a backbone for object detection.

3. PROPOSAL METHOD

3.1. Model overview

S-DETR consists of a backbone for extracting multi-level features, an encoder with
attention mechanisms focusing on important components of the image, and a conventional
decoder in the standard Transformer architecture with a series of object queries. An overview
of S-DETR is illustrated in Figure 2. Specifically, the input image feature map is extracted
using the Swin-Transformer v2 backbone pretrained on the large ImageNet-1K [24] dataset.
The resulting features, denoted as S1, S2, S3, S4, are then fed into the encoder.
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Multi-Level Feature Integration enhances object detection performance by effectively
combining feature representations from different network layers. Lower-level features capture
fine-grained spatial details, which are crucial for detecting small objects, while higher-level
features provide rich semantic context for robust classification. By integrating multi-scale
features using techniques such as Feature Pyramid Networks (FPN) or Bidirectional Fea-
ture Pyramid Networks (BiFPN), our model maintains high-resolution spatial information
while leveraging deep semantic cues. This integration significantly improves detection ac-
curacy, particularly for small and occluded objects, ensuring a more comprehensive feature
representation across different object scales.

The encoder transforms multi-scale features into a sequence of image features through
interactions among features at the same scale and fusion among features at different scales,
see also Figure 4. Subsequently, the features from the encoder are passed to the decoder.

Attention mechanisms improve feature selection by emphasizing important regions in an
image while suppressing irrelevant background noise. Our model incorporates both channel
attention and spatial attention to enhance object localization and classification. Channel
attention dynamically reweights feature maps to prioritize informative channels, whereas
spatial attention focuses on the most relevant regions within an image. By leveraging these
mechanisms, our model achieves better feature discrimination, reducing false positives and
improving detection robustness in cluttered or complex environments. This approach ensures
that the model efficiently allocates computational resources to the most significant object
features.

Finally, the decoder, along with the object queries, performs predictions to generate class
labels and bounding boxes for objects in the image.
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Figure 2: Overview of S-DETR

3.2. Image augmentation

Generating new variations of training data by performing transformations on images
helps the model learn richer representations of object variations. Methods such as rotation,
scaling, resizing, image flipping, and cropping are commonly used in the augmentation
process, as illustrated in Figure 3. These methods are often applied before the data is fed
into deep learning-based object detection models to improve the quality and generalization
ability of the model. Research related to combining these techniques and applying them
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to specific object detection models may provide deeper insights into their performance and
practical applications.

3.3. Data extraction model

The Swin Transformer V2 model [21] is an improved version of Swin Transformer for
large-scale vision tasks. Compared with the original design, it improves training stability
and scalability while preserving the efficiency of window-based attention. Figure 5 presents
the overall architecture.

Key improvements include:

e Better training stability via residual-post-norm and cosine attention.
e Better cross-resolution transfer using log-spaced continuous position bias.

Swin Transformer V2 can scale to very large models and high-resolution inputs (e.g.,
SwinV2-G), making it suitable for detail-sensitive applications. The network is organized
into four hierarchical stages. Across stages, patch merging progressively reduces spatial
resolution and increases channel capacity, while local window attention preserves important
contextual information.

In early stages, the model captures fine-grained local features; in later stages, it learns
more abstract semantic representations with broader receptive fields. This hierarchical de-
sign provides a strong balance between accuracy and computational efficiency, enabling
robust multi-scale feature extraction for downstream detection tasks.

3.4. Fusion with multi-level features

Fach stage of the Swin Transformer extracts features from different regions of the image,
with varying resolutions and levels of detail. Assuming there are N stages in the Swin
Transformer, each stage ¢ extracts a feature matrix F; , where H; and W; are the height and
width of the feature at stage ¢, and C; is the number of channels of the feature.

After features are extracted from different stages of the Swin Transformer, they can be
merged through a convolutional layer or a feature fusion module. This helps to enhance
information on different scales, from fine details to broader context. Feature fusion can be
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represented by a function F, where F' is a fusion function. Equation 1, the function we use
for fusion is concatenation.
F:F1+F2+...+FN. (1)
The output size of this function will be Hiarget X Wiarget X Charget-
However, in each stage of the Swin Transformer, features have different numbers of
channels and sizes. Therefore, combining features using addition requires some processing
steps to adjust the size and number of channels so that they can be merged appropriately.

Normalizing feature size

e To concatenate features from different stages, they need to be the same size. This can
be achieved using convolutional layers, pooling, or interpolation.

e For example, if features from stage 1 have size H; x W; and features from stage
2 have size Hy x W, we need to adjust their sizes to the same size, for instance
Htarget X Wtarget X Ctarget-

Adjusting the number of channels

e Features from different stages may have different numbers of channels. To merge them,
we can use a 1 x 1 convolutional layer to adjust the number of channels of each feature
to a specified number of channels.

e For example, if features from stage 1 have C channels and features from stage 2 have
C5 channels, we can use a 1 x 1 convolutional layer to adjust their number of channels,
as shown in Equation 2.

F{ZWl XFl;FZIZWQXFQ, (2)
where W, € RCtareetXCl and Wy € RCtareetXC2 gre the weights of the 1 x 1 convolutional
layers. The above process can be illustrated as shown in Figure 4.

Stage 1 Stage 2 Stagen H/4 x W/4 x 48 H/4 x 1W/4 x 1C H/8 x 1W/8 x 2C

F1 F2 FN :
[Hi x Wi x Ci] | |[Hz x W2 x Co] | ™™ | [Hn X Wy X Cal

Norr%lalization of Size f(PooIing/InterpoIatgiun) Image
v v * HxWx3

F4 Fs Fy
[HexWex Ci | | [Hex Wex Col| T | [He x Wex Cal

Patch Partition
N
Linear Embedding
Patch merging

r}lormalization of éhannels (1x1 Convf)
v v v

F” F”, 2
[Hex Wex G | | THex Wex ed| ™ | Hex Wex e Stage 3

H v H
v v
+

v

F
[He x Wy x Ci]

Figure 4: Fusion with multi-level Figure 5: Architecture of Swin-Transformer v2
features

\
Patch merging

08 x ZE/ML x ZE/H




126 DUNG NGUYEN et al.

3.5. Position embedding

Position embedding (PE) in Transformer models is a crucial technique that helps the
model understand the spatial positions of regions within an image. Transformer models
process pixels or regions in an image in parallel, which leads to a loss of spatial position
information. PE provides this information by adding position vectors to the embedding
vectors of the regions, helping the model maintain the spatial structure of the image.

There are two main types of PE: fixed position embedding and learnable position em-
bedding. Fixed position embedding uses fixed formulas, such as sine and cosine functions,
to encode positions. These formulas generate position vectors based on predetermined fre-
quencies and resolutions, ensuring consistency across different inputs without adaptation to
specific data patterns. Equations 3 and 4 illustrate the computation of PE using the fixed

position embedding method.
PE(pos,%) = sin (pos> ) (3)

21
10000 dmodel

pOs

PE(pOS,?’i-‘rl) = COS <2i ) 5 (4)
10000 modet

where pos is the position in the sequence, i is the dimension of the position vector, and

dmodel 1s the size of the input vector.

In contrast, learnable position embedding initializes position vectors randomly and ad-
justs them during training based on the input data. Each position in the image is associated
with a distinct position vector, and these vectors are optimized to enhance the model’s per-
formance on the training dataset. This approach allows the model to adaptively represent
position information, tailoring its representation to best suit the requirements of the task at
hand.

Suppose X € R™? is the embedding matrix of regions in the image, where X; is the
embedding of the i, region in the image. Suppose a position embedding matrix P € R"*¢,
where F; is the position vector for the i, position in the image. The values of P are either
fixed or randomly initialized and can be learned during training. The embedding vector of
the 44, region after adding the position information is

Zi=X;+ B, (5)
where Z; is the combined embedding vector of the region and the position at the és, position.

For the entire image, we have
Z=X+P, (6)
where X is the embedding matrix of the regions, P is the learnable position embedding
matrix, and Z is the combined embedding matrix containing both region and position in-
formation.

The advantage of learnable position embedding is its high adaptability to various types
of data and different tasks, improving the model’s performance in understanding the spa-
tial structure and positions of regions within an image. This is particularly important in
applications such as object detection, image segmentation, and image recognition.
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3.6. Linformer

Linformer [25] is a variant of the Transformer model designed to enhance the com-
putational efficiency of traditional attention mechanisms. The original Transformer faces
challenges with its O(n?) complexity, where n represents the input sequence length, partic-
ularly impacting the processing of long sequences or large images due to memory and speed
limitations. Linformer addresses these issues by reducing the complexity to O(n) through
strategic optimizations.

Attention complexity in the standard transformer. In the conventional Trans-
former, the self-attention mechanism computes an attention matrix A using the formula
T
A = softmax <QK > V, (7)
Vidm
where Q, K,V € R™%m are the query, key, and value matrices, and d,, is the embedding
dimension. The computation of the attention scores QK ' has a complexity of
O(n - dp, - n) = O(n*dy,), (8)
which dominates the overall complexity of the model.

Complexity reduction in Linformer. Linformer introduces a more efficient approach
by projecting the key and value matrices into a lower-dimensional space using a learned
projection matrix £ € R¥*" where k < n. The transformation is defined as

K'=FEK, V' =EV, (9)
where K’ € RF*dm and V' € RF*4m  Additionally, Linformer applies learned weight matrices
WE WV € RInxd to transform the projected keys and values

K'=K'WE v =v'wY, (10)
where K" € R¥*d% and V" € RF*%  The attention mechanism in Linformer then computes
K//T
A" = softmax <Q ) V. (11)
Vg

Since K" has size k x dj,, the computational cost of QK" is
O(n - dy - k) = O(nkdy,), (12)

Similarly, computing A’V" has complexity
O(nkdy). (13)

Final complexity analysis. From Equations (12) and (13), both major computations
in Linformer operate in O(nkdy), leading to an overall complexity of O(nkdy). For a small
fixed k (typically & = O(dy) in practical implementations), this results in an overall com-
plexity of O(ndy), which is linear with respect to n. This confirms that Linformer effectively
reduces the computational complexity from O(n?d,,) in the standard Transformer (Equa-
tion (8)) to O(ndy), making it significantly more efficient for handling long sequences and
large-scale data. Additionally, by leveraging the projection matrix £ and learned weight
matrices W, WV, Linformer ensures that memory consumption scales linearly with n, as it
no longer needs to store the full n x n attention matrix. This significantly reduces memory
overhead, making Linformer well-suited for real-world applications involving long sequences
and large datasets.
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3.7. Bipartite matching loss

Bipartite matching loss [9] is a loss function used in machine learning and computer
vision, particularly in tasks such as object detection and image segmentation. It is designed
to handle the assignment of predicted outputs to ground truth targets in an optimal way to
minimize the total cost of assignments. Before delving into the application of this function,
let’s review some foundational concepts:

e Bipartite graph: In a bipartite graph, nodes can be divided into two disjoint sets such
that no two vertices in the same set are adjacent. In the context of bipartite matching
loss, one set of nodes represents the predicted outputs, and the other set represents
the ground truth targets.

e Matching: The goal is to find a match between the predicted outputs and the ground
truth targets such that the total cost of these assignments is minimized.

e Hungarian algorithm: Often used to efficiently solve the bipartite matching problem,
the Hungarian algorithm finds the optimal matching that minimizes the total cost.

In object detection, the bipartite matching loss is used to match predicted bounding
boxes with ground truth bounding boxes. The process involves:

e Cost calculation: Compute a cost matrix where each entry represents the cost of
matching a predicted bounding box to a ground truth bounding box. This cost can be
a combination of factors such as Intersection over Union (IoU), classification scores,
and location differences.

e Optimal matching: Use the Hungarian algorithm to find the optimal assignment of
predicted boxes to ground truth boxes that minimizes the total matching cost.

e Loss computation: After obtaining the optimal matching, compute the loss for each
matched pair. This can include classification loss (e.g., cross-entropy [26] or focal-loss
[27]) and localization loss (e.g., L1 or smooth L1 loss for bounding box coordinates).

This loss function ensures that each ground truth target is accurately assigned to one
prediction, helping to address issues such as multiple predictions for the same object. Ad-
ditionally, it can handle varying numbers of objects in different images, making it suitable
for dense prediction tasks.

The following mathematical formulas describe the problem. Let:

e y be the set of ground truth objects.

e ¢ be the set of predicted objects.

e 7; be the ith predicted object, consisting of class ¢; and bounding box b;.

e y; be the jth ground truth object, consisting of class ¢; and bounding box b;.

The cost matrix C' € RV*M ig defined, where each element represents the cost of match-
ing predicted object §; to ground truth object y;. It consists of classification cost and
bounding box cost

Cij = Lds(éi, Cj) + LbOXaA)Z', bj), (14)
where L is the classification cost (e.g., cross-entropy loss) and Ly is the bounding box
cost.

Using the Hungarian algorithm, we find the optimal assignment o
N
0 = arg min Ci o (i)s (15)

e
TEENG
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where X is the set of all possible permutations of N elements.

The total loss L is calculated as

L(y7 g) = Z [Lcls(éh Co(i)) + Lbox(l;i) ba(z)) : (16)
=1

4. EXPERIMENTS

4.1. Datasets

The Pascal VOC 2012 (PASCAL visual object classes) dataset [28] is a widely recog-
nized benchmark in computer vision, primarily used for object detection and classification.
This dataset comprises a diverse array of real-world images, each meticulously annotated
with objects from 20 different categories, including people, animals (such as birds, cats,
and dogs), vehicles (such as airplanes, bicycles, and cars), and objects (such as bottles,
chairs, and TVs). Each image comes with an XML annotation file that provides detailed
information about the object type, its location (bounding box), and occasionally its pre-
cise shape (segmentation mask). Pascal VOC 2012 supports a range of computer vision
tasks like image classification, object detection, object and scene segmentation, and action
recognition. Methods are evaluated using metrics such as precision, recall, and F1 score,
with Average Precision (AP) and Mean Average Precision (mAP) being specifically used for
object detection. The dataset is divided into training and test sets, allowing researchers and
developers to validate and compare new algorithms. Pascal VOC 2012 serves as a crucial
tool and a standard platform for benchmarking various methods in computer vision, playing
a significant role in the field’s development and innovation. However, this is an imbalanced
dataset where the distribution among classes is uneven. For example, classes like “person”
and “car” have many samples, while others like “sheep” or “sofa” have significantly fewer
samples.

4.2. Parameters

The hyperparameters used for training the model are listed in Table 2. During the
model training process, the parameters used play a crucial role in optimizing performance
and avoiding overfitting. First, Weight Decay with a value of 0.0001 is a regularization
technique that adds a penalty to the loss function related to the model’s weights, thereby
preventing overfitting. Dropout at 20% is another regularization technique, where 20% of
the units in the network are randomly dropped during training to improve the model’s
generalization ability. The AdamW optimization algorithm combines Adam and Weight
Decay, effectively optimizing the adjustment of the model’s weights. Position Embeddings
use the sine function to encode positions, helping the model recognize the order and position
of elements in the data sequence. Finally, the Learning rate with a value of 0.00001 is a
small learning rate, ensuring stable training and preventing overlearning. These parameters
are carefully chosen to ensure effective learning and to avoid issues related to overfitting.
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Table 2: Training parameters

Parameter Value
Weight Decay 0.0001
Dropout 20%
Optimizer AdamW
Position Embeddings Sin
Learning Rate 0.00001
Activation GELU
Epochs 100
Encoder/Decoder Layers 6
Attention Linear attention
Object Queries 100

4.3. Experimental results

As illustrated in Figure 6, our model shows a significant reduction in error early in the
epochs and steadily converges in subsequent epochs. The error rate decreases rapidly in
the initial epochs, reflecting the model’s rapid learning as it explores and learns complex
data representations. Later epochs demonstrate a more stable error rate, indicating that
the model has begun to converge after initial training exploration. Compared with the
original DETR model, our proposed model achieves faster convergence. This enhancement
is attributed to the integration of high-level image feature extraction, particularly leveraging
Swin Transformer v2’s capability to process large input sizes and integrating features at
multiple levels. The Linear Attention mechanism within Linformer reduces computational
complexity, enabling accelerated training while maintaining high performance.
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training and test datasets dataset and the test dataset

In this study, we investigated the effectiveness of the Focal Loss function in enhancing
our model’s classification performance on small and imbalanced datasets. The results, shown
in Figure 7, reveal a notable reduction in error rates on both the training and test sets com-
pared to the traditional Cross-Entropy loss function. Focal Loss focuses on hard-to-classify
examples, mitigating the influence of easier ones and thereby improving the model’s accu-
racy and generalization. These findings highlight the critical role of loss function selection
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in optimizing machine learning models, especially when facing limited or imbalanced data.

The confusion matrix provides a concise overview, visualizing the accuracy of the model’s
predictions compared to the actual outcomes. For a model with 20 classes, the confusion
matrix will have a size of 20 x 20, as illustrated in Figure 8. In this matrix: c¢m(i,4) represents
the number of samples from class ¢ that were correctly predicted (True Positives for class i),
while e¢m(i, j) indicates the number of samples from class i that were misclassified as class j
(False Positives for class j). This matrix is crucial for evaluating the classification model’s
performance and identifying its error patterns.

Confusion matrix, with normalization
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Figure 8: Confusion matrix on the Pascal VOC test dataset

Additionally, the confusion matrix helps us identify classes that the model frequently
confuses with each other, allowing us to adjust the training dataset or improve the model
features to minimize these errors. For instance, if class A is often confused with class
B, we might consider adding more training data for these two classes or enhancing the
features to better differentiate them. Moreover, the confusion matrix can be used to calculate
various performance metrics such as overall accuracy, per-class accuracy, precision, and
recall. These metrics provide a deeper insight into the model’s performance and guide
subsequent improvement steps.

In our analysis, we observed that the model achieved high precision and recall when
classifying objects with ample training data. Conversely, the model’s performance dimin-
ished when dealing with objects that were underrepresented in the training set, such as the
classes Bottle, Dining Table, Potted Plant, and Sofa. This highlights the Transformer-based
model’s reliance on large datasets for optimal performance.
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In Table 3, the comparison of various architectures based on mean Average Precision
(mAP@0.5) emphasizes the significant influence of different backbones and methodologies.
Particularly noteworthy is the S-DETR model, which incorporates both Linformer and Swin
Transformer v2 as backbones. Our adaptations and enhancements to S-DETR have shown
substantial improvements in performance compared to traditional methods, highlighting the
potential for advancing object detection capabilities. This approach not only enhances ex-
isting methodologies but also positions models based on Linformer and Swin Transformer v2
as promising contenders in computer vision. In addition to accuracy, we also examined the
practical efficiency of our model. Specifically, the average inference time per image is ap-
proximately 181 ms, with maximum GPU memory usage of 1583 MB, which demonstrates
the method’s suitability for deployment in real-world scenarios with limited computational
resources. These results confirm that our approach maintains competitive accuracy while
being resource efficient. Overall, the findings in Table 3 highlight the flexibility and per-
formance gains achieved by integrating Linformer and Swin Transformer v2 into the DETR
architecture, setting a precedent for future developments in object detection research and
exploring new possibilities in global feature integration for enhanced object classification
and localization.

To evaluate the effectiveness of our proposed model, we conducted fine-tuning on the
Natural Enemy dataset, which consists of 551 annotated images collected from diverse nat-
ural environments. The dataset contains species such as dragonflies, ants, butterflies, and
other natural pest enemies, characterized by small object sizes, high object density, and
complex backgrounds with vegetation and varying illumination. These characteristics make
the dataset particularly challenging for detection models, as objects often occupy only a tiny
fraction of the image and frequently overlap with each other. After fine-tuning, our model
achieved a mAP@0.5 of 50.4%, which represents a significant improvement compared to the
baseline DETR model with 43.0%. This result demonstrates that our approach is more ef-
fective in handling small-scale objects and complex ecological scenes, thus providing a more
robust solution for natural enemy detection tasks. Some inference results are illustrated in
Fig. 9.

Figure 9: Some inference results
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Table 3: Comparison of different detection models

Model Epochs mAP@0.5(%) Parameters(M) GFlops
DETR [9] 100 31.4 41 96
RetinaNet [27] 100 59.2 36 97
FCOS [29] 100 57.5 32 95
ATSS [30] 100 56.2 36 96
VFNet [31] 100 55.1 37 97
S-DETR (Our) 100 87.0 214 2922

4.4. Ablations study

Importance of the backbone. To validate the importance of selecting a backbone for
the model’s learning process, we replaced the backbone sequentially with different models,
including Vision Transformer [22], Swin Transformer [20, 21], and Vision Permutator [32].
The results of the convergence processes are depicted in Figure 10.
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Figure 10: Convergence speed based on dif- Figure 11: Convergence process based on two
ferent backbones types of PE

Importance of positional encodings. There are two types of PE commonly used in
model construction: fixed PE and learnable PE. We experimented with both types in our
proposed model. The convergence process results are shown in Figure 11. We found that
although both types of PE help the model converge, the convergence rate of the model using
fixed PE is much faster than that of the model using learned PE.

Table 4: Ablation study on attention mechanisms (mAP@0.5)

Model Attention Mechanism mAP@0.5(%)
DETR [9] Global Self-Attention 314
DAB-DETR [33] Dynamic Anchor Attention 59.4
Conditional-DETR [8]  Conditional Attention 60.7
Deformable-DETR [7]  Multi-Scale Deformable Attention 62.2

Importance of attention mechanisms. We compare different types of attention
mechanisms in Transformer-based detectors. Table 4 shows the results. The baseline DETR
with standard self-attention reaches only 31.4 mAP®@O0.5. By incorporating dynamic anchor
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queries, DAB-DETR improves the accuracy to 59.4. Conditional-DETR further enhances
the performance to 60.7 by leveraging conditional spatial priors. Deformable-DETR achieves
62.2 mAP@O0.5 with multi-scale deformable attention, demonstrating the benefits of adaptive
feature sampling. Finally, our proposed model achieves 77.6, highlighting the effectiveness
of our enhanced attention design.

5. CONCLUSION

In this work, an object detection solution is proposed based on the Transformer model
using multiple attention mechanisms, called S-DETR. S-DETR includes two main enhance-
ments: utilizing the Swin-Transformer 2 model as an image feature extractor, and an encoder
that processes multi-scale features to improve object detection performance. These improve-
ments enable our proposed model to achieve high efficiency and accurately detect objects
in images by combining features at different levels and resolutions. The encoder uses an
attention mechanism that focuses only on the important features of the image rather than
the entire image, thereby allowing the model to quickly detect objects without consuming
as much time as previous models.
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