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Abstract—Detecting distant and small objects is a critical
capability for vision-based vehicle autonomous systems, par-
ticularly in safety-critical scenarios such as assisted driving,
where constant alertness, early reaction, and safe operation are
very important. However, accurately recognizing tiny objects at
a distance presents significant challenges due to limited pixel
information, preprocessing-induced downscaling, and restricted
detector resolution. To address these issues, this paper introduces
D2SO, a Vision Transformer (ViT)-based framework specifically
designed to enhance the detection of distant and small objects
for autonomous systems. D2SO integrates multiple fine-tuned AI
models, derived from the open-source Segment Anything Model
(SAM), to detect distant objects such as static structures, hu-
mans, and vehicles, thereby improving situational awareness. The
system employs visual cues through color mask overlays to effi-
ciently convey essential information, ensuring users remain well-
informed about detection outcomes. D2SO is explicitly optimized
to detect distant entities that occupy fewer than 24 × 24 pixels
on display, a scale often imperceptible to humans. Experimental
results demonstrate that D2SO significantly outperforms baseline
models, including SegFormer, YOLO v11 Segmentation, and U-
Net, on a real-world street scene dataset spanning 50 cities,
establishing its effectiveness in enhancing autonomous system
performance.

Index Terms—Small Object Detection, Distant Object Detec-
tion, Image Segmentation, Vehicle Autonomous Systems, Segment
Anything Model (SAM), Vision Transformer (ViT)

I. INTRODUCTION

Autonomous systems are rapidly evolving alongside ad-
vancements in artificial intelligence and robotics. Safety-
critical applications, such as driver-assistance technologies and
autonomous vehicles, are transforming transportation by re-
ducing traffic incidents and enhancing mobility efficiency [1].
According to the World Health Organization, road traffic
injuries are projected to become the eighth leading cause
of death globally [2]. This alarming statistic highlights the
pressing need for advanced safety mechanisms in vehicles.
Autonomous technologies play a pivotal role in addressing
these challenges by minimizing human error and significantly
improving vehicle reaction times [3]. However, despite their
potential, the widespread adoption and trust in vehicle au-
tonomous systems remain hindered by concerns over their
reliability in addressing corner cases and edge scenarios.
Continued research and development in this area are crucial
for realizing improvements in road safety, with the potential to
deliver substantial socio-economic benefits through a reduction
in traffic-related fatalities and injuries.

A primary limitation of autonomous systems in traffic lies
in their restricted capacity to detect and respond to distant
or small objects, particularly in complex or unpredictable
settings. For example, Wu et al. [4] reported that advanced
driver-assistance systems (ADAS) often struggle to detect and
effectively manage objects that can be as small as 32 × 32
pixels on a display screen. Such objects occupy minimal space
on visual interfaces, creating substantial challenges for both
human and machine recognition. This limitation ultimately
undermines key advantages of autonomous technologies, such
as constant alertness and early reaction, and erodes user
confidence, resulting in reluctance to rely on these systems [5].

Several factors hinder the detection of small and distant
objects in autonomous systems. First, their limited pixel infor-
mation provides insufficient features for AI models to learn ef-
fectively. Second, feature ambiguity arises when crucial visual
elements (e.g., edges, textures, shapes) are indistinguishable,
making it difficult for models to separate objects from the
background. Third, many AI models downscale input images
to reduce computational overhead, which can exacerbate the
problem by discarding essential information and causing small
objects to blend into background noise. Addressing these
challenges is very important for improving the reliability and
accuracy of vehicle autonomous systems in detecting distant
and small objects.

This paper addresses the above issues by proposing D2SO,
a Vision Transformer (ViT)-based model designed explicitly
to improve the detection of small and distant objects in
vehicle autonomous systems. The backbone of D2SO is the
Segment Anything Model (SAM) [6], which we fine-tune to
detect objects smaller than 24× 24 pixels—sizes that are also
challenging for the human eye to discern [7]. To achieve this,
we carefully preprocess training and test datasets to include
only small and distant objects, then feed them into SAM
for fine-tuning. In this process, SAM’s accurate pixel-level
segmentation capabilities across entire images are leveraged,
while model parameters are updated specifically to detect
small, distant objects. Consequently, the enhanced models can
identify extremely small objects with improved responsiveness
in diverse operational contexts. Promptly recognizing small
and distant objects is integral to both safety and efficiency in
autonomous systems.

We summarize our contributions as follows:
1) We introduce D2SO, a ViT-based architecture fine-tuned

from SAM, to improve the detection of small and distant
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objects for vehicle autonomous systems.
2) We extensively evaluate the performance of D2SO,

demonstrating its robustness and reliability in safety-
critical scenarios, and show that our approach substan-
tially outperforms baselines such as YOLO v11 Segmen-
tation, U-Net, and SegFormer.

3) We highlight how minimal visual cues can be effectively
utilized by AI systems for reliable decision-making in
settings with sparse or ambiguous visual information.

The organization of this paper is structured to detail the
development and evaluation of D2SO. We begin with a review
of related work to contextualize our research within the
existing literature. The methodology section follows, outlining
the research problem formulation and detailing the SAM
architecture. We then describe the fine-tuning process and the
overall D2SO framework. The evaluation section covers the
experimental setup, the dataset used, and presents results and
analysis, including visual results and comparison with base-
lines. Finally, we conclude the paper and propose directions
for future work to further enhance D2SO’s capabilities.

II. RELATED WORK

Detecting small and distant objects in vision-based au-
tonomous systems presents challenges due to limited pixel
information, feature ambiguity, and downscaling-induced de-
tail loss. Research explores multiple approaches, including
traditional object detection, ViTs, SAM in segmentation, and
benchmark datasets for small object detection. Each of these
approaches contributes insights into object detection but also
presents limitations.

Traditional convolutional neural networks (CNNs) apply to
object detection and segmentation. Detection models such as
Faster R-CNN [8], YOLO [9], and SSD [10] detect medium-
to-large-sized objects. Segmentation models like U-Net [11]
and DeepLab [12] classify pixels. These approaches struggle
with small and distant objects due to hierarchical feature ex-
traction, which removes small object details through downsam-
pling operations like pooling layers and strided convolutions.
Studies [13] show that small object detection accuracy remains
lower than that of larger objects due to limited feature repre-
sentation. CNN-based models fail to distinguish small objects
from background clutter, especially in urban environments
[14]. Feature pyramid networks (FPNs) and attention-based
methods [15] attempt to improve detection, but challenges
persist. Since CNN-based methods struggle with small object
detection, alternative architectures such as ViTs offer potential
improvements.

ViTs model long-range dependencies in object detection.
Unlike CNNs, which rely on localized receptive fields, ViTs
use self-attention mechanisms to capture global contextual
relationships [16]. This allows ViTs to detect distant objects
from subtle contextual cues. Detection Transformer (DETR)
[17] reformulates object detection as a direct set predic-
tion problem. DETR removes hand-crafted anchor boxes and
employs a transformer-based architecture. However, DETR

struggles with small objects due to coarse feature represen-
tations. Deformable DETR [18] introduces adaptive attention
mechanisms to focus on relevant regions, improving small
object detection. Research explores hybrid architectures that
integrate ViTs with CNN feature extractors to enhance fine-
grained feature representation [19]. ViTs require optimization
for real-time autonomous systems. Given that ViTs offer global
feature modeling, segmentation-specific models such as SAM
could further refine small object detection.

SAM, developed by Meta AI [6], advances image seg-
mentation with prompt-based segmentation for object identi-
fication. SAM applies to domains such as medical imaging
[20] and satellite imagery analysis [21]. Its adaptability to
prompt types—points, bounding boxes, and textual descrip-
tions—supports object detection and segmentation. SAM fo-
cuses on general segmentation tasks rather than small and
distant object detection in autonomous systems. Fine-tuning
SAM for specific applications remains an open problem.
Studies show that adapting SAM requires domain-specific
training datasets and loss functions [22]. We fine-tune SAM
on small object datasets and integrate it into a ViT-based
detection pipeline to improve performance in autonomous
systems. While SAM improves segmentation, evaluating its
effectiveness in small object detection requires appropriate
benchmarks and performance metrics.

Evaluating small object detection models requires curated
datasets and appropriate performance metrics. The COCO
dataset [23] includes small object annotations, but object size
distribution skews toward larger instances. The DOTA dataset
[24], which focuses on aerial imagery, contains a higher
proportion of small objects and provides a benchmark for
small-scale detection models. Metrics such as mean Average
Precision (mAP) assess object detection performance, with
adaptations for small object detection. COCO defines an AP-
small metric for objects smaller than 32 × 32 pixels [23].
YOLO v11 and SegFormer improve mAP scores for general
detection [25], but small object performance remains subop-
timal. Our work addresses this gap by fine-tuning SAM for
small object segmentation and improving detection accuracy
in urban settings.

Therefore, object detection frameworks, including CNN-
based and ViT-based models, improve accuracy for medium-
to-large objects but remain limited for small and distant ones.
SAM contributes prompt-based segmentation capabilities but
lacks broad deployment in this context. Benchmark datasets
and evaluation metrics further highlight the gap. Our work
responds by combining SAM and ViT strategies to improve
small and distant object detection for autonomous systems.
This integration enhances early hazard recognition and im-
proves decision-making accuracy in safety-critical driving
scenarios. By leveraging ViT’s global attention and SAM’s
prompt-aware segmentation, the system can detect objects with
minimal visual cues and low pixel occupancy. This capability
addresses limitations posed by downscaling and feature am-
biguity, enabling more reliable performance in urban scenes
with dense and complex environments.
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III. METHODOLOGY

In this section, we first formulate the research question.
Next, we provide an overview of the SAM by detailing its
architecture. Finally, we present the design of D2SO, which
enhances SAM’s capability to detect small and distant objects.

A. Problem Formulation

Detecting distant objects is crucial for autonomous systems
because early hazard detection can prevent accidents and
enhance overall safety. In the context of autonomous vehicles,
‘distant’ typically refers to objects that are far enough away
to allow sufficient time for the vehicle to react, usually
several hundred meters depending on the vehicle’s speed and
stopping distance. In this paper, we consider distant objects as
fewer pixels occupation in the visual input system. Accurate
detection of these distant objects allows the system to plan
and execute safe maneuvers well in advance.

Let the visual input to the autonomous system be repre-
sented as an image I with dimensions H × W , where H is
the height and W is the width of the image.
1) Pixel Occupancy of Objects: Let Oi represent an object

in the scene, and P(Oi) ⊆ I denote the pixels occupied
by Oi. The pixel occupancy of Oi can be defined as:

|P(Oi)| =
∑

(x,y)∈I

1[(x, y) ∈ P(Oi)],

where 1[·] is the indicator function.
2) Distant Object Definition: An object Oi is classified as

distant if:
|P(Oi)| < τ,

where τ is a predefined threshold for pixel occupancy
corresponding to distant objects. In this paper, we set
τ < 24×24 (pixel sizes that are challenging for both driver-
assistance systems [4] and human eyes to discern [7]),
and the height and width of Oi are both less than 24
simultaneously.

3) Detection Objective: The objective is to maximize the
detection accuracy for distant objects. Define the detection
accuracy for an object Oi as A(Oi), which can be measured
by the Intersection over Union (IoU):

A(Oi) =
|P(Oi) ∩ P∗(Oi)|
|P(Oi) ∪ P∗(Oi)|

(1)

where P∗(Oi) is the ground truth pixel occupancy for Oi.

B. Segment Anything Model Architecture

When designing our framework for detecting small and
distant objects, we selected SAM as the backbone—a highly
flexible, open-source image segmentation model renowned
for its prompt-based segmentation capabilities—to meet the
stringent accuracy, speed, and responsiveness requirements
of real-time object detection in autonomous systems [6]. As
shown in Figure 1, the SAM architecture mainly consists of
three primary stages: Image Encoding, Prompt Encoding, and
Mask Decoding.

Image
Encoder

Prompt
Encoder

Mask
Decoder

Image
Embedding

Conv

Mask

Points
Box
Text

, Score

, Score

....... .......

Fig. 1: SAM architecture overview [6].

The image encoder Eimg processes the image I to produce
an image embedding E ∈ RN×d, where N is the number of
patches (or spatial tokens), and d is the embedding dimension:

E = Eimg(I)

The image encoder Eimg is typically a Vision Transformer
(ViT), which splits the image into patches and captures long-
range dependencies.

The prompt encoder Eprompt processes user-provided
prompts to guide segmentation. Prompts can include: 1)
Points: P ∈ RK×2, where K is the number of points (e.g.,
coordinates (x, y)); 2) Boxes: B = [xmin, ymin, xmax, ymax],
specifying regions of interest; 3) Text: natural language in-
structions or descriptions. The prompt encoder Eprompt maps
prompts into a latent space:

Q = Eprompt(prompts),

where Q ∈ RM×d, and M is the number of prompt tokens.
The encoded prompts Q are designed to interact with the
image embedding E during the decoding stage. Note that
masks can also be viewed as a type of prompt in SAM.
Different from points, boxes, and text, they are embedded
using convolutions and summed element-wise with the image
embedding (see the Conv component in Figure 1).

The mask decoder D fuses the image embeddings E and
the prompt embeddings Q to generate segmentation masks
through cross-attention:

Z = CrossAttention(E,Q),

where Z ∈ RN×d is the fused feature representation. Then,
a convolutional layer processes the fused representation Z to
generate the segmentation mask M :

M = σ(Conv(Z))

where M ∈ RH×W and σ is the sigmoid activation function,
which produces mask probabilities. For each mask, the de-
coder computes a confidence score S, indicating the quality
of the predicted mask. Note that mask decoder D can output
multiple segmentation masks M along with scores S, i.e.,
(Mi, Si)}ni=1 where n is the number of masks generated.
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C. D2SO Framework

Fine-tuning the SAM model is necessary to enhance its
detection capabilities for small and distant objects, which are
often critical in autonomous systems for early hazard detec-
tion. The original SAM model, while proficient in pixel-level
segmentation, was not specifically optimized for identifying
tiny, remote objects to prevent accidents and ensure safety.
In D2SO framework, we define an object Oi is classified as
distant if |P(Oi)| < τ , where τ is a predefined threshold for
pixel occupancy corresponding to distant objects. For D2SO,
we set τ = 24 × 24, ensuring that both the height and width
of Oi are less than 24 pixels simultaneously.

To fine-tune SAM for detecting small and distant objects,
we first prepare a specialized training dataset that focuses
specifically on these types of objects. As shown in Figure 2,
we then freeze the points and text prompts, allowing only
the bounding box prompts and the ground truth masks Mg

to be input into the mask decoder D. In this process, the
image encoder Eimg generates feature embeddings, while the
prompt encoder Eprompt encodes the bounding box prompts.
These embeddings are then fused within the mask decoder D
to accurately predict the segmentation mask Mp.

1) Training Dataset Preparation: This data processing
workflow prepares labeled images and ground truth masks
for further use by filtering, resizing, mapping, and organizing
the data. The original images, which are large in size, are
first processed to filter out objects with regions smaller than
9216 pixels, based on their pixel count in the instance masks,
and simplifying them by truncating their values. These images
are then resized so that their largest dimension is reduced
to 512 pixels using the nearest-neighbor method, preserving
ID fidelity and aspect ratios. As a result of this resizing,
the previously filtered objects now appear even smaller, often
shrinking to dimensions less than 24×24 pixels in the resized
images. Finally, the resized images are center-cropped to a
fixed size of 256×256 pixels for uniformity. Specific instance
IDs are filtered or remapped according to predefined criteria,
and bounding boxes are extracted from the ground truth
masks to highlight relevant regions. These bounding boxes are
further refined by applying random perturbations, expanding
or shrinking the boundaries by a small amount up to 20 pixels,
to improve robustness.

To adapt the data for use with the SAM, the processed
images and bounding box prompts are formatted to meet
SAM’s compatibility requirements. This involves encoding the
images and bounding boxes into a structured format where
the images are resized to a fixed input size, and the bounding
box coordinates are normalized relative to the image dimen-
sions. For example, if an original bounding box coordinate is
[xmin, ymin, xmax, ymax] and the image dimensions are [H,W ],
the normalized coordinates become

[
xmin
W , ymin

H , xmax
W , ymax

H

]
. This

normalization ensures the bounding box scales correctly across
varying image resolutions. These inputs are converted into
tensors to ensure compatibility with SAM’s neural network
architecture. By aligning the bounding box prompts and im-

Algorithm 1: Training Loop Using Adam Optimizer
1 Input: dataset containing batches (I,Mg)
2 Output: Optimized model parameters
3 for each epoch do
4 for each batch (I,Mg) in dataset do
5 Mp ← ModelForward(I,Mg)
6 L ← DiceLoss(Mg ,Mp, ϵl)
7 Backpropagate(L)
8 UpdateParameters(Adam)
9 end

10 end

ages with SAM’s input specifications, the workflow guarantees
the data can be seamlessly integrated into the model.

2) Fine Tuning SAM: To achieve high IoU A(Oi) accuracy,
we adopt the dice loss function, which is particularly effective
for segmentation tasks where the balance between different
classes, to fine tune SAM. SAM’s image encoder Eimg and
prompt encoder Eprompt generate feature embeddings based on
the input image and box prompts. These embeddings are fused
in the mask decoder D to predict the segmentation mask Mp.
The predicted mask Mp is compared against the ground truth
mask Mg using the Dice Loss. The loss is computed as:

DiceLoss(Mg,Mp, ϵl) = 1−
2
∑

i Mp,iMg,i + ϵl∑
i Mp,i +

∑
i Mg,i + ϵl

where ϵl is a small constant added to prevent division by
zero, Mp,i is the predicted value for pixel i in the predicted
segmentation mask Mp, and Mg,i is the ground truth value
for pixel i in the segmentation mask Mg . The numerator
represents twice the intersection between the predicted and
ground truth masks. The denominator represents the total
number of pixels in both masks.

The Dice Loss is backpropagated to update the weights of
the mask decoder D. Minimizing this loss ensures that the
predicted mask Mp closely aligns with the ground truth Mg ,
enhancing the model’s segmentation accuracy. We utilize the
Adam optimizer to refine the performance of our model for its
ability to adapt learning rates for individual parameters and its
robustness in handling sparse gradients on noisy problems. We
set the learning rate at 1 × 10−5 to balance the convergence
speed and stability of training. Importantly, we do not apply
weight decay in this setup, as we focus on optimizing perfor-
mance without regularizing the parameter scale. This decision
is based on our preliminary experiments, which indicated that
excluding weight decay promotes better fine-tuning of the
decoder’s parameters in our specific application context. The
configuration parameters are set as follows:

Adam(η, β1, β2, ϵa)

where η represents the learning rate, and β1 and β2 are the
exponential decay rates for the moment estimates. ϵa is a small
constant added to the denominator for numerical stability.
The iterative training process for each epoch using the Adam
optimizer is illustrated as Algorithm 1.
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Fig. 2: Fine-tuning the SAM model to enhance its ability to detect small and distant objects. We freeze the point and text
prompts while utilizing box prompts and ground truth masks to train an effective mask decoder for accurate object detection.

3) Multi-Class Detection in D2SO: The D2SO framework
performs multi-class segmentation on images, identifying ob-
jects across the three most common distinct categories: static
structures, humans, and vehicles. The process begins with
data loading and preprocessing, followed by model inference.
A unique aspect of D2SO is the integration of box prompts
during preprocessing, which enhances the detection accuracy
of distant objects by emphasizing their features.

D2SO utilizes three independent instances of SAM models,
denoted as SAMstructures,SAMhumans,SAMvehicles, each fine-
tuned for detecting specific object classes:

Mc = {SAMstructures,SAMhumans,SAMvehicles},

where c ∈ {structures, humans, vehicles} represents the class
label. Each model is initialized with pretrained weights, Wc,
and parameters loaded from pre-defined paths. To ensure com-
putational efficiency, specific layers in the SAM architecture,
such as the image encoder Eimg and prompt encoder Eprompt,
are frozen during inference to reduce unnecessary computation
and memory usage.

The inference phase processes each batch of input images,
where each image Ii is preprocessed with box prompts to
enhance object saliency. For each class c, the corresponding
SAM model SAMc predicts the segmentation mask M c

p as:

M c
p = SAMc(Ii, Pc),

where Pc represents the box prompts associated with class
c. The predicted mask Mc is further refined using predefined
pixel count thresholds τ , ensuring that only valid detections
are retained:

P(Oi) = |Maskc|, Valid if P(Oi) > τ.

For visual feedback, the predicted masks are overlaid onto
the original input image Ii, resulting in a color-coded visual-
ization where red represents vehicles, green denotes humans,

and blue indicates static structures. This approach allows for
an intuitive and immediate understanding of the segmentation
results, facilitating easier interpretation and analysis of the
model’s performance in diverse scenarios.

IV. EVALUATION

A. Experiment Setup

We conduct evaluations on a server equipped with a 12-
core CPU and dual NVIDIA A5500 GPUs, each with 24GB
of memory. The models are evaluated using PyTorch version
2.0.1. For optimization, we configure the Adam optimizer with
a learning rate η of 1 × 10−5, and exponential decay rates
β1 and β2 set at 0.9 and 0.999, respectively. Additionally,
ϵa, a small constant added for numerical stability, is set at
1 × 10−8. This hardware and software setup provides the
necessary computational power and resources to effectively
train and evaluate D2SO, ensuring it can process and analyze
complex urban scene data efficiently.

B. Dataset

The dataset used in our experiments is the Cityscapes [26]
dataset, renowned for its rich annotations and urban scene
focus. It includes stereo video sequences captured across 50
cities in Germany and neighboring countries during spring,
summer, and fall, deliberately excluding adverse weather con-
ditions. Cityscapes provides 5,000 finely annotated images
and 20,000 coarsely annotated images, enabling the fine-
tuning of SAM with a mix of high-quality and large-scale
weakly-labeled data. Captured with an automotive-grade stereo
camera, the images offer high resolution and dynamic range,
essential for detecting distant objects critical to D2SO ’s op-
eration. The dataset’s pixel-level precision and instance-level
annotations for dynamic objects like humans and vehicles are
vital for D2SO, enhancing its ability to identify and respond
to distant objects, thereby improving situational awareness in
autonomous systems.
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Fig. 3: This collage displays six samples, each consisting of three panels: input images, ground truth images, and predicted
images. In these samples, D2SO specifically targets the detection of distant objects, defined as those smaller than 24×24 pixels
in size. The predicted outputs are color-coded to enhance clarity: vehicles are marked with red, static structures with green,
and humans with blue. This visual representation emphasizes the model’s capability to accurately identify and differentiate
between various object classes at a distance.

C. Baselines

To demonstrate the effectiveness of D2SO, we select Seg-
Former, YOLO v11 Segmentation, and U-Net as baselines in
our experiments.

• SegFormer [27]: SegFormer is a semantic segmenta-
tion framework that integrates a hierarchically struc-
tured Transformer encoder with a lightweight multilayer
perceptron decoder. This architecture avoids the need
for positional encoding and produces multiscale features
that adapt well to varying resolutions. SegFormer is
efficient and accurate, making it suitable for segmenting
semantically labeled objects in diverse scenarios. It has
demonstrated strong performance in benchmarks such as
ADE20K and Cityscapes, with significant gains in mean
Intersection over Union.

• YOLO v11 Segmentation [25]: YOLO v11 Segmen-
tation is an object detection and segmentation model

designed for efficiency and accuracy in complex envi-
ronments. It incorporates the C2PSA (Cross-Stage Partial
with Self-Attention) module to capture contextual infor-
mation across multiple layers, enhancing the detection of
small and hidden objects. Additionally, the C3k2 block,
an optimized CSP bottleneck with two small convolu-
tions, enables YOLO v11 to maintain high accuracy while
improving computational efficiency and speed.

• U-Net [11]: U-Net is a convolutional network for image
segmentation with a 23-layer architecture, comprising a
contraction path for feature extraction and an expan-
sive path for resolution restoration. This model balances
global context extraction and local detail refinement,
making it effective for segmentation tasks, even with
limited data.
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D. Qualitative Comparison to Baseline Methods

The qualitative performance of D2SO was evaluated across
urban scenes in Cityscapes under varying environmental con-
ditions. Six sample results are illustrated in Figure 3, where
each scene is processed and presented in three panels: input
images, ground truth annotations, and predictions from the
models (D2SO, YOLO v11 Segmentation, U-Net, and Seg-
Former). The ground truth annotations identify object classes
using shades of gray, while predictions are color-coded: red
for vehicles, green for humans, and blue for static structures.
The visual comparison highlights D2SO ’s ability to detect
small objects smaller than 24 × 24 pixels in urban settings.
The overlap between D2SO’s predicted masks and the ground
truth confirms alignment with annotated regions. Other models
miss several instances or misclassify object boundaries. D2SO
marks targets with clear shape and location. The method
separates small objects from the background without relying
on large pixel regions. The figure shows detection results that
remain stable across different positions, densities, and types
of objects. This behavior supports detection tasks in scenes
where space is limited and occlusions are frequent.

E. Quantitative Comparison to Baseline Methods

The quantitative performance of D2SO, SegFormer, YOLO
v11 Segmentation, and U-Net was compared using metrics
such as accuracy, precision, recall, and F1-score. To calculate
accuracy for a single object class in object detection, we first
evaluate the Intersection Over Union (IoU) for each predicted
bounding box against its corresponding ground truth box.
IoU is calculated using Equation 1. If A(Oi) ≥ 0.5, the
prediction is considered correct. The total number of correct
predictions for the class is then divided by the total number
of samples (ground truth instances) for that class to compute
accuracy. Additionally, if all three classes in an image are
predicted correctly, the image is considered all correct. The
overall accuracy is then calculated as the ratio of totally
correct images to the total number of images in the dataset.
Table I summarizes these results for vehicles, humans, static
structures, and overall performance.

• Vehicle Detection: D2SO achieves the highest perfor-
mance, with an accuracy of 97.41%, precision of 97.41%,
recall of 100%, and F1-score of 98.69%. In comparison,
all baselines (SegFormer, YOLO v11 Segmentation, and
U-Net) show significantly lower metrics, with U-Net
being the closest competitor.

• Human Detection: For detecting humans, D2SO outper-
forms all baselines with an accuracy of 80.91%, precision
of 90.56%, recall of 85.08%, and F1-score of 87.73%.
These results highlight D2SO ’s superior ability to distin-
guish humans from other objects, essential for pedestrian
detection in autonomous driving systems.

• Static Structure Detection: In detecting static structures,
D2SO achieves an accuracy of 82.52%, precision of
97.77%, recall of 81.72%, and F1-score of 89.00%.
It outperforms SegFormer, YOLO v11 Segmentation,

Model Accuracy Precision Recall F1-Score

SegFormer
Vehicle 47.74 47.29 96.97 63.47
Human 51.27 48.37 58.62 53.00
Structures 63.44 73.39 76.06 74.69

YOLO v11 Seg
Vehicle 66.88 68.67 82.55 74.97
Human 63.54 63.49 74.34 68.49
Structures 35.77 35.76 71.30 47.63
All 41.52 60.30 41.11 48.88

U-Net
Vehicle 89.25 91.41 87.25 89.28
Human 80.05 71.71 74.76 73.20
Structures 48.57 70.41 46.28 55.85
All 76.27 82.75 70.75 76.28

D2SO
Vehicle 97.41 97.41 100 98.69
Human 80.91 90.56 85.08 87.73
Structures 82.52 97.77 81.72 89.00
All 72.49 86.13 70.95 77.86

TABLE I: Accuracy, precision, recall, and F1-score for all
objects, vehicles, humans, and static structures, comparing the
performance of SegFormer, YOLO v11 Segmentation, U-Net,
and D2SO.

and U-Net, demonstrating its effectiveness in identify-
ing buildings, road signs, and trees that provide critical
environmental context.

• Overall Performance: D2SO ’s overall metrics are as
follows: accuracy of 72.49%, precision of 86.13%, recall
of 70.95%, and F1-score of 77.86%. These values consis-
tently outperform the baselines, reinforcing its capability
for robust segmentation in complex urban environments.

The quantitative and qualitative experimental results show
that D2SO outperforms baseline methods in accuracy, preci-
sion, recall, and F1-score across all object classes. The model
detects small and distant objects with consistency. It handles
scale variation, background clutter, and class imbalance. The
system processes input and produces output without delay.
The method fits deployment settings that need fast and stable
results. The design supports adaptation to new environments
and tasks without changes to core components.

V. CONCLUSION

This paper introduced D2SO, a Vision Transformer-based
framework fine-tuned from the Segment Anything Model
(SAM) to detect small and distant objects for vision-based
autonomous systems. By focusing on objects smaller than
24× 24 pixels, D2SO addresses key challenges in early haz-
ard detection and significantly outperforms baseline models,
including SegFormer, YOLO v11 Segmentation and U-Net,
in accuracy, precision, recall, and F1-score. Its robust perfor-
mance highlights its potential to improve autonomous system
reliability and safety in urban environments. Future work will
focus on extending D2SO to handle more diverse environ-
mental conditions and optimizing it for resource-constrained
platforms, broadening its applicability.
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