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Abstract

Objectives. At present, rapid detection of the location and size of building objects from remote sensing images
is important for scientific research value and has practical significance for urban planning, environmental
monitoring and disaster management.

Methods. This paper proposes an object detection method based on improved YOLOvV10 network, which
incorporates Super Token Attention, RepConv and Normalized Weighted Distance to more precisely detect
buildings in remote sensing images. This method improves the detection accuracy and efficiency especially for
small objects. The LEVIR-CD dataset is used for model training and testing.

Results. The experimental results show that the method demonstrates better accuracy on the building detection
task than the traditional YOLOvV10 and other methods.

Conclusion. The proposed method significantly enhances the accuracy and efficiency of building detection in
remote sensing images.
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AHHOTANMA

Ilenu. B Hacrosmee BpeMs ObICTPOE ONpPEAENeHUEe MECTOIOJIOKEHHS U pa3Mepa 0ObEKTOB 3JaHUH C TOMOIIBIO
M300paKEeHUH NUCTAHUMOHHOTO 30HAMPOBAHMS HMMEET BAYKHOE HAYyYHO-HCCIIEIOBATENLCKOE W IMPAaKTHYECKOE
3HAa4YeHHE I TOPOJICKOTO IUIAHMPOBAHUSA, MOHUTOPHMHIA OKpY’KaroIled cpelsl M YIpaBICHUS CTUXMHHBIMU
GencTBUSIMU.

MeTonsl. Ilpennmaraercs Meton oOHapyX)eHHS OOBEKTOB Ha OCHOBe yiyumeHHOH cetm YOLOV10, xotopas
BKJIIOYaeT B ce0s1 MexaHu3M BHUMaHus CynepTokeH, Mozess RepConV (MOBTOpHO mapaMeTpu3yeMasi CBEpPTKa)
¥ HOPMAJIM30BaHHOE B3BEIICHHOE PAacCTOSHHUE Ui Ooiee TOYHOro OOHAPY)KEHHS 3/[aHWH Ha W300pa’keHMAX
JUCTaHIMOHHOTO 30HANPOBAaHUSA. METOA MOBBIMIAET TOYHOCTh U 3(GPEKTUBHOCTE OOHAPY)KEHHS, OCOOCHHO IS
HeOompmmx 00pekTOB. Habop manabix LEVIR-CD ucnonp3yercs [ist 00ydeHHsI U TeCTHPOBAHUS MOJICITH.
PesynbpraTel. DKcHepUMEHTAIbHBIC PE3yJIbTaThl MOKAa3bIBAIOT, YTO MpeJlaraeMblif METOA IEMOHCTPUPYET
JYYIIyI0 TOYHOCTh MPH PELICHHU 3aJaud OOHapyXeHus 34aHui, yem TpaguuuoHHeld YOLOvVIO u npyrue
METOJBI.

3akntoueHue. [Ipemmaraembrii Meton 3¢pQEeKTHBHO MHOBBIMIAET TOYHOCTh M 3(PPEKTUBHOCTH OOHAPYIKEHHS
3/1aHUH Ha U300paKeHUSIX AUCTAHIMOHHOTO 30HAUPOBAHHUS.

Kirouessbie cinoa: YOLOV10, n300paxkeHHs] TUCTAaHIIMOHHOTO 30HIMPOBAaHUS, MEXaHU3M BHHMAaHU, OOHapy-
xenwue 31anui, RepConv, Super Token Attention

Jnst uuruposanms. By, C. DddekruBnoe oOHapykeHHe 3jaHNIT Ha N300paKEHUSIX AUCTAHIIMOHHOT'O 30HIMPO-
BaHMs Ha oCHOBe ynydmenHod cetu YOLOv10 / C. By, C. B. AGnametiko // Uadopmaruka. — 2025. — T. 22,
Ne 2. - C. 33-47. - DOI: 10.37661/1816-0301-2025-22-2-33-47.

KoH(pauKT HHTepecoB. ABTOPHI 3asBIISAIOT 00 OTCYTCTBUU KOH(MIMKTAa HHTEPECOB.

Introduction. With the development of aerospace technology, remote sensing image resources play
an increasingly important role in many fields such as urban planning, military reconnaissance, and
land resource management [1]. In these applications, the detection and identification of buildings, as
an important landmark feature on the ground in urban or suburban areas, has become a key topic.

Traditional object detection methods rely on empirically based feature hand design, and these
methods are often difficult to mine feature information in higher dimensions of the image and have
high computational costs when dealing with high-resolution remote sensing images [2]. In recent
years, the development of deep learning technology has brought revolutionary advances in the field of
image processing, especially in object detection, semantic segmentation and image classification,
which have achieved remarkable results. However, in building detection in remote sensing images,
there are still some problems especially to detect building in very high-resolution remote sensing
images:

1) Different sources of images, the original pictures have different sizes of objects in remote
sensing images because of different heights and angles of detectors, the influence of weather, the
refraction of the atmosphere, the time of imaging, the curvature of the earth, and other factors. This
increases the difficulty of object detection [3].
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2) The background in remote sensing images is usually complex and varied, including roads,
vegetation, lake waves, and so on. These background disturbances increase the difficulty of object
detection, and high resolution remote sensing images also imply more complex backgrounds [4].

3) Occlusion problems, serious interference caused by shadows and occlusion due to shooting
weather or angle, lighting conditions may change with time and weather. Changes in lighting can lead
to changes in the appearance of the object, thus increasing the difficulty of object detection [5].

4) Building textures are relatively homogeneous, usually with only one or two outlines or colour
information [6].

5) Remote sensing images usually have large-scale data volume and need to process a large amount
of image data. This poses a challenge to the computational efficiency and storage space of object
detection algorithms.

Fig. 1 illustrates the problems of building detection in several scenarios.

N

a) object skew b) imaging blur c) single texture d) extreme weather
Fig. 1. Building in different scenarios in remote sensing images

Small object detection is an important research direction and also a difficult point in object
detection, there are many researchers who have conducted a lot of research on small object detection
and they have proposed many methods from feature fusion, contextual connectivity, and adversarial
learning for improving the performance of small object detection [7]. With the development of deep
learning techniques, different attention mechanism techniques such as EfficientNetV2, CBAM,
RepViTblock, and EMA attention are beginning to be applied to small object detection tasks.

EfficientNetV2 achieves faster training speed and better parameter efficiency by training perceptual
neural architecture search and expansion [8]. CBAM (Convolutional Block Attention Module)
enhances the sensitivity of the network to small objects through the attentional mechanism, and has
shown its effectiveness in several remote sensing image detection tasks its effectiveness [9].
RepViTblock is a lightweight new backbone network [10], which revisits mobile CNNs from the
perspective of ViT, showing a superior balance of latency and accuracy. EMA attention, on the other
hand, enhances the model's feature extraction capability for small objects through weighted
averaging [11].

With the continuous iterative updating of new technologies, object detection techniques are also
evolving. Future research directions may include further improving the generalisation ability of the
model, increasing technology fusion with multi-task learning, and developing more efficient training
algorithms to reduce the demand for computational resources. It will also be a way to improve the
performance of small object detection. Of course, small object detection in high-resolution remote
sensing images is still challenging.

The YOLO series of networks have better balance detection accuracy and speed by capturing the
deep and high-level features of objects. They have been selected for optimization and improvement to
complete small object detection tasks in complex scenes such as satellite remote sensing data.
The YOLO networks have dominated the field of object detection with its superior performance and
efficiency [12]. YOLOV10, the latest in the series, has been designed to achieve state-of-the-art
performance through the introduction of a consistent dual allocation and optimised model components,
eliminating the need for non-maximum suppression (NMS) and significantly reducing computational
overhead while achieving state-of-the-art performance [13]. However, detecting tiny objects is a very
challenging problem [14].
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In order to further promote the development of small object detection, this paper proposes an
algorithm to optimize the backbone network and improve the attention mechanism to solve the
problem of poor small object detection. In this paper, we propose to integrate STA (Super Token
Attention) [15], RepConv (Re-Parameterizable Convolution) [16] and NWD (Normalized Weighted
Distance) [17] techniques into the YOLOv10 model by adjusting the parameters in order to adapt the
accuracy of building object detection in remote sensing images. Firstly, RepConv is applied in the
convolutional layer of YOLOv10 model to simplify the network structure by reparameterizing the
convolutional and batch normalisation layers. And the model parameters are reduced by RepConv to
improve the inference speed and accuracy of the model. Then, the backbone network of the improved
YOLOvV10 model is used to extract features from the input image, and Super Tokens are generated on
the feature map through the STA mechanism, and the Super Tokens are used to adjust the model's
attention distribution so that the model pays more attention to the regions that contain information
about buildings. Finally, the NWD loss function is introduced to calculate the weighted distance
between the predicted frame and the real frame to optimise the model's ability to locate small objects
and improve the accuracy of object detection for buildings.

Method

Overview of YOLOv10. YOLOVI10 is the latest real-time end-to-end target detection model that
significantly improves the performance and efficiency of the YOLO family by optimising post-
processing and model architecture. Based on the C2f (Cross Stage Partial fusion) structure of
YOLOvS8, the model introduces CIB (Channel Interaction Block) to strengthen the inter-channel
information interaction; and combines the spatial pyramid with the attention mechanism PSA
(Pyramid Spatial Attention) to optimise the Multi-scale feature fusion; SCDown (Spatial-Channel
Downsampling) module is introduced to jointly optimise the downsampling process in spatial and
channel dimensions, the specific structure is shown in fig. 2. Non-maximum suppression free training
is achieved and the inference delay is reduced. In addition, YOLOv10 introduces an integrated
efficiency-accuracy oriented model design strategy that reduces computational redundancy and
improves model capability.
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In this study, we chose YOLOv10n as the baseline model because it provides a better balance of
performance and efficiency while maintaining a smaller model size, and is suitable to be used as a
starting point for improving the algorithm for further exploring and optimising the detection of
building objects in remote sensing images.

Currently, buildings in remotely sensed imagery face many problems, such as: a large number of
small building targets and a mixture of buildings of different sizes; and the background of remotely
sensed imagery contains a variety of feature types, such as forests, fields, and roads. Together, these
factors make it difficult to automatically extract building information from images. In addition,
buildings have different appearances, colours and proportions, and targets such as buildings may be
naturally obscured by trees etc., resulting in incomplete or partially visible targets, which is often
difficult to cope with by traditional recognition methods, and this puts forward higher requirements for
target recognition and localisation. Therefore, this paper proposes an improved method that fuses
RepConv, Super Token Attention and NWD techniques into the YOLOv10 model, hereafter referred to
as YOLO-RSTA.

RepConv. RepConv (Re-Parameterizable Convolution) is a model reparameterization technique
that improves the efficiency and performance of models by optimising the network structure in the
field of deep learning. Satellite remote sensing images often have complex backgrounds and varying
building shapes and sizes. The standard Conv layer may not capture all the necessary features for
accurate building detection. RepConv, with its multi-branch structure, can extract more diverse and
comprehensive features, helping the model better distinguish buildings from the background and other
objects.

The core idea of RepConv is to use multi-branched convolutional layers in the training phase,
which can include convolutional kernels of different sizes (e.g., 1x1, 3x3, etc.) and possibly BN
layers. In the inference phase, the parameters of these branches are reparameterized onto a master
branch, usually an equivalent 3x3 convolutional layer, thus reducing computation and memory
consumption and increasing inference speed [18]. This is shown in fig. 3 below.
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RepConv works based on the following formula:
We =T (Wh,Wr), D

where W, are transformed weights, used to manipulate input features, and W, is (base weights), frozen
weights inherited from the pre-trained model. W, is refocusing weights, additional trainable parameters
introduced by the refocusing transform. T (*) is the refocusing transform, a trainable operation applied
to the base weights to generate new weights. Operation for generating new weights. RepConv also
introduces residual concatenation, which makes the refocusing transform learn an increment of the
base weights instead of the original mapping, similar to residual blocks in ResNet:

Wt =Wh *=Wr +Wh, 2

where * denotes a convolutional operation. RepConv enhances the model's use of prior knowledge
through the refocusing transform, allowing the model to focus on different feature representations
encoded in the pre-trained model, thus improving feature extraction for small targets.

With the reparameterization technigue, RepConv is able to simplify the multi-branch structure into
a single-branch structure during inference, which significantly reduces the computation and memory
consumption and improves the inference speed.

The improved algorithm in this paper replaces the first and third Conv convolution layers with
RepConv layers in the YOLOv10 backbone network. The purpose is to use the feature map output by
the previous convolution layer as input, perform a reparameterization operation through the RepConv
layer, and then perform a convolution operation through the subsequent convolution layer. At this
time, the number of channels of the output feature map does not change. This replacement method can
reduce the size of the spatial dimension without losing information. It retains more information in the
channel than traditional convolution operations, so it can effectively improve the feature extraction
ability for small targets.

Super Token Attention (STA). Satellite images usually have buildings of various shapes and scales,
and their edges are blurred due to shadows or vegetation. Traditional convolutional layers have limited
ability to capture global dependencies, making it difficult to distinguish between buildings and
backgrounds and other objects. Therefore, in remote sensing image building target detection, global
context information is crucial for accurate recognition. For this reason, the fusion of STA mechanism
is proposed to enhance the global perception capability of the YOLOv10 model. STA enhances the
detection performance by aggregating global information in the image to form Super Tokens and using
these tokens to guide the attention allocation.
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The core of the STA mechanism is to identify and utilise the global features in the image, the
structure of which is shown in fig. 4. Firstly, global contextual information is extracted through the
self-attention layer, which is then combined with local features to form supertags. These supertags not
only contain rich semantic information, but also represent key regions in the image [19]. In the
attention allocation stage, the model dynamically adjusts the attention weights according to the
importance of the supertags, which enables the model to pay more attention to the regions containing
building information.

The main principle of STA is divided into the following 3 steps:

Super Token Sampling (STS): the STS is a key step in the STA mechanism, which aims to
aggregate the visual tokens in the input image into super tokens to reduce the number of tokens in the
self-attention operation while preserving global contextual information. This process mimics the idea
of superpixels, i.e., segmenting an image into regions with similar features to simplify subsequent
processing. Specifically, the algorithm first generates an initial set of superlabels through average
pooling, and then updates the superlabels through an iterative process. In each iteration, the algorithm
calculates the association matrix between each pixel feature and the superlabelled feature, and then
uses this association matrix to update the superlabels. This process can be represented by the following
equation:

Q= Softmax[ Xj; ] 3)

where Qq is the correlogram computed in the t iteration, Softmax() function that converts a set of values
into a probability distribution. Its central role is to make all output values sum to 1 by normalizing
them so that each value is between 0 and 1. X is the visual marker, S is the supertag from the
previous iteration, and d is the square root of the number of channels C for normalization. STS
progressively improves the discriminative properties of Super Tokens by optimising the association
matrix over multiple iterations. This process, combined with the self-attention mechanism, allows the
model to reduce the computational complexity: reducing the O(N?) self-attention computation to
O(NK) (K«N).

Self-Attention for Super Tokens: Performs a self-attention operation in the space of super tokens to
capture long-term dependencies between super tokens. This step uses the standard self-attention
mechanism to compute an attention graph between super tokens, and uses this attention graph to
perform a weighted summation of super tokens to obtain a new super token representation. The core
formula is:

Attn(S) = Softmax(%f(s)jv(s), (4)

where q(S), K(S) and v(S) are the supertagged query, key and value, respectively, and d is the square
root of the number of channels C. The Softmax() function for normalised correlation matrix.

Token Upsampling (TU): Finally, the learned association map is used to map the hyperlabelling
back into the visual marker space. This step fuses the information from the hyperlabelling back into
the original pixel features so that the model can use the global contextual information for more
accurate detection. The formula is as follows:

TU (Attn(S))=QAttn(S), (5)

where Q is the association map for mapping the hyperlabelling back into the visual labelling space.
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In this way, STA is able to reduce the computational complexity in self-attention while enhancing
the model's ability to capture global context by aggregating local features. In remote sensing image
detection, this means that the model is able to handle large-scale information in the image more
effectively, improving the detection of small targets and complex scenes.

Normalized Weighted Distance (NWD). NWD is a method for measuring the similarity between
predicted and real bounding boxes in object detection tasks. It evaluates the proximity of two
bounding boxes by calculating a weighted distance between them. Compared to the traditional loU
(intersection and integration ratio) metric, NWD is able to capture the positional relationship between
bounding boxes more accurately, especially when dealing with small objects or low overlap. The core
idea of NWD is to represent the bounding box as a Gaussian distribution and then calculate the
Wasserstein distance between these two distributions. This distance metric is more sensitive to changes
in the position and scale of the bounding box, thus providing a more accurate similarity assessment in
object detection [20].

The Wasserstein distance is used to calculate the distance between two probability distributions, i.e.
to assess the minimum cost (the minimum of the mean distance of a move) required to convert one
distribution into the other. For two two-dimensional Gaussian distributions N(u3,X;) and N(up,X) the
Wasserstein distance between them is:

W, (N (1, Z)), N(,,2,)) = \/”H’l - Mz”2 +UrE, +%, - 2\] zx,), (6)

where yjand p,are mean vectors, X, and X, are covariance matrices, and tr denotes the sum of the
diagonal elements of the matrix. In NWD, this concept is used to calculate the distance between
two bounding boxes corresponding to a Gaussian distribution.

Since the Wasserstein distance itself is an unbounded distance metric, NWD converts it to a
similarity metric between 0 and 1 by normalizing it in exponential form, where 0 means exactly
the same and 1 means completely different. To convert the Wasserstein distance into a similarity
metric, NWD uses the exponential form of normalization:

NWD = exp(—\%} (7

where C is a constant closely related to the dataset that is used to adjust the scale of
normalization. In practice, C is usually set to the average absolute size of the targets in the dataset
for optimal performance.

NWD provides better scale invariance, smoothing of positional deviations, and the ability to
measure similarity between non-overlapping or mutually inclusive bounding boxes than
traditional loU metrics. In addition, NWD is scale-invariant, allowing it to maintain consistent
performance in the detection of objects of different sizes.

The proposed method. Our proposed method YOLO-RSTA is a fusion of STA, RepConv and
NWD techniques into the model of YOLOV10, and the detailed structure is shown in fig. 5.

Since the original YOLOV10 improves the model's detection ability for targets at different scales,
but the detection accuracy in the background complexity and occlusion problem is not satisfactory
enough. Therefore, we replace the convolution (Conv) of P1/2 and P2/4 layers with RepConv to
enhance the feature extraction capability. The structure of RepConv can capture richer feature
information during training, and feature extraction at different scales is more flexible and effective,
and in the process of extracting feature maps at different scales, the key features of the target can be
captured more effectively. Capture the key features of the target in the process of extracting feature
maps at different scales.
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Fig. 5. Structural diagram of the improved YOLO-RSTA network

Meanwhile, we enable the NWD loss function, which will be used by the model to measure the
similarity between the predicted bounding box and the real bounding box. However, the introduction
of NWD leads to changes in accuracy, so the loU ratio parameter needs to be adjusted to find the
optimal balance of the loss function, which sacrifices some of the accuracy but improves on both
Recall and mAP.

Finally, we added the STA attention mechanism after the P5/32 layer, which aims to improve the
accuracy and efficiency in detecting small targets and processing complex scenes. In complex scenes,
background interference is a major factor affecting the detection of small targets. STA reduces the
interference of background noise on the model's decision making by focusing on key regions in the
image. STA enhances the feature representation by applying self-attention to the super tokens and STA
helps the model to capture these features at multiple scales, which improves the detection of small
targets in complex backgrounds.

Experimental results

Experimental Environment Setting. In this experiment, the experiment is mainly conducted on
the LEVIR-CD dataset, which contains large-scale remote sensing data. In this paper, PyTorch
version 2.4.0 and the corresponding CUDA version 2.4.1 are used as the experimental
environment. According to the above method, we use NVIDIA GeForce RTX 4060 as GPU for
training, 445 images in the training set, 64 images in the validation set, and 128 images in the test
set. The image resolution is 1024x1024. The objects in the dataset are mostly small object
buildings. The specific settings are shown in fig. 6.
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Python CUDA PyTorch GPU CPU
Python 3.9 | 12.4.1 551.78 2.4.0 | NVIDIA GeForce RTX 4060 | Intel Core i5-12400F

Fig. 6. Experimental environment

Data sets. Group B of the LEVIR-CD [21] dataset, a large-scale remotely sensed building change
detection dataset provided by LEVIR Labs, was selected for the experiments in this study.
The LEVIR-CD contains 637 pairs of very high-resolution (0.5 metres/pixel) Google Earth image
blocks, with the size of each pair of images being 1024x1024 pixels, as shown in fig. 7. The LEVIR-
CD covers a wide range of building types, including cottage homes, high-rise flats, small garages, and
large warehouses. The LEVIR-CD dataset contains a total of 31,333 individual instances of building
change. The geographic distribution of the LEVIR-CD dataset covers several cities in the state of
Texas in the United States, including Austin, Lakeway, Bee Cave, Buda, Kyle, Manor, Pflugerville,
Dripping Springs, etc., with image data captured from 2002 to 2018.
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Fig. 7. LEVIR-CD dataset

Evaluation indicators. The experiments were conducted to evaluate the algorithm's target detection

performance using mean accuracy (mAP), precision (P), recall (R), and parametric counts (params).
The formulas for precision, recall and mAP are shown in egs. (8) to (10).

p__TP | @®
TP+ FP
R=_P )
TP + FN
mAP—1 " AP (10)
, _HZi:l i

In the formula: P is precision; R is recall; TP is the number of samples predicted to be positive and
actually positive; FP is the number of samples predicted to be positive but actually negative; FN is the
number of samples predicted to be negative but actually positive; AP (Average Precision) is a
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numerical representation of the area of a certain type of object under the Precision-Recall Curve. mAP
(Mean Average Precision) is the average value obtained by averaging the average precision (AP) of
different types of object detection. In formula (10), it is necessary to first calculate the current AP; of
different types of objects based on P and R, and take the average value of n AP; as mAP.

Parameters is the size of the model's trainable parameters. The mAP50 used in the experiment
represents the average detection accuracy when the loU threshold is 0.5, while mAP50-95 represents
the average accuracy of multiple thresholds in the range of loU thresholds from 0.5 to 0.95 (step size
0.05), which can more comprehensively evaluate the performance of the model under different
positioning accuracies.

Experimental results. We choose YOLOv10n as the baseline for experiments. We train for
300 epochs in the whole network structure. We need to evaluate the impact of different improvement
strategies on the performance of the YOLOv10 model for building object detection in remote sensing
images.

The main evaluation metrics we focus on include the model's precision, recall, and mean average
precision (MAP) under different loU thresholds. With these metrics, we can comprehensively evaluate
the accuracy of the model in detecting buildings.

Experiment 1 was conducted on the LEVIR-CD dataset using YOLOv5n, YOLOv8n, YOLOv10n,
and the improved method in this paper. The experimental metrics are shown in table 1.

Table 1
Results of LEVIR-CD experiment 1

Model-name Parameters | Precision | Recall | mAP50 | mAP50-95
YOLOvV5n 2503 139 0.884 0.817 0.9 0.577
YOLOv8n 3005 843 0.883 0.829 | 0.909 0.582
YOLOv10n 2694 806 0.858 0.827 | 0.898 0.572
YOLO-RSTA | 2957 368 0.891 0.845 0.914 0.571

In terms of precision, YOLO-RSTA leads with the highest value of 0.891, proving its advantage in
reducing false alarms and predicting positive samples more accurately. In terms of recall, YOLO-
RSTA also performs the best at 0.845, implying that it is better at identifying actual positive samples
and covering the real change scenarios. mMAP50 metrics, YOLO-RSTA and YOLOv8n occupy the top
two positions respectively, indicating that the two models are better at detecting at the loU threshold of
0.5, with YOLO-RSTA having a slight edge over the others. However, in the mAP50-95 metrics,
YOLOVS8n is outstanding with the highest value of 0.582. In summary, YOLO-RSTA performs well in
the key indicators of precision, recall and mAP50.

Experiment 2 compares the proposed method YOLO-RSTA with some common attention
mechanisms (EfficientNetV2, CBAM, RepViT block and EMA attention) and the results are shown in
table 2 below.

Table 2
Results of building detection for LEVIR-CD dataset
Model-name Parameters | Precision | Recall | mAP50 | mAP50-95

YOLOvV10n 2 694 806 0.858 0.827 0.898 0.572
YOLOv10n-EMA_attention | 3 027 350 0.864 0.797 0.891 0.571
YOLOv10n-RepViTblock 3027 350 0.862 0.82 0.897 0.57
YOLOv10n-CBAM 2703 369 0.872 0.784 | 0.869 0.515
YOLOv10n-SE 2695318 0.853 0.779 | 0.881 0.569
YOLOv10n-EfficientNetv2 | 2544 510 0.853 0.784 0.869 0.515
YOLO-RSTA 2 957 368 0.891 0.845 0.914 0.571
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In this building detection experiments, our modified model demonstrates significant performance
improvement compared to other models. In terms of precision, YOLO-RSTA reaches 0.891, which is
about 0.8 % improvement compared to YOLOv5n and YOLOvVS8n, and about 3.8 % improvement
compared to YOLOv10n. In terms of recall, YOLO-RSTA is a distant second with 0.845, an
improvement of about 3.4 % over YOLOv5n's 0.817, and an improvement of about 2.3 % compared to
YOLOv10n's 0.827. In the mAP50 metric, YOLO-RSTA is slightly higher than YOLOv8n, with an
improvement of about 1.6 % over YOLOv5n's 0.9 and about 1.8 % over YOLOv10n's 0.898. Despite
the slight increase in the number of parameters of YOLO-RSTA, its inference time of 1.946 seconds is
still within the acceptable range. Overall, the STA attention mechanism significantly improves the
model's detection accuracy and recall, albeit at the slight expense of inference speed, but this trade-off
may be worthwhile in real-world applications as it achieves performance gains in key performance
metrics.

From the above data, it can be seen that most of the YOLOv10 models with the introduction of
different attention mechanisms can lead the original YOLOv10n model in terms of accuracy, and the
model proposed in this paper improves by about 2.21 % in terms of accuracy compared to the
YOLOv10n model and outperforms the other models with attention mechanisms, which also indicates
that the model has a significant effect in terms of reducing false detections. In recall, the model
improves by about 2.05 % over the original YOLOv10n and performs the best, indicating that the
model also improves in detecting more real buildings. The model also manages to improve the mAP50
metric by about 1.67 % compared to the original YOLOv10n model, suggesting that the model can
improve the detection performance overall.

Experiment 3. The proposed YOLO-RSTA method is subjected to an ablation experiment, this
ablation experiment aims to explore the effects of RepConv, STA and NWD on the performance of the
YOLOv10n model. The results are shown in table 3 below.

Table 3
Results of ablation experiments

YOLOv10n | Repconv | STA | NWD | Parameters | Precision | Recall | mAP50 | mAP50-95
V 2694806 | 0858 | 0.827 | 0.898 0.572
y v 2694806 | 0.871 0.79 | 0.884 0.57
y v 2957368 | 0.884 | 0.824 | 0.901 0.57
y v \ 2957368 | 0.877 | 0.844 | 0.913 0.57
V \ \ 2957368 | 0.861 | 0.797 | 0.894 0.571
y v v \ 2957368 | 0.891 | 0.845 | 0.914 0.571

When only RepConv is enabled, Precision improves from 0.858 to 0.871, but Recall decreases to
0.79, indicating that RepConv improves detection accuracy but loses some of the true change
detection. When only Super Token Attention is enabled, the number of parameters increases to
2 957 368, Precision improves to 0.884, and Recall is 0.824, showing that it enhances model detection.
When RepConv and STA are enabled at the same time, Precision is 0.877 and Recall is 0.844,
indicating that the combination of the two can effectively improve Recall and maintain a high
Precision, and when RepConv and NWD are enabled, Precision is 0.861 and Recall is 0.797, which is
a slight decrease in Recall compared to enabling RepConv only. When all three modules are enabled,
the optimal performance is achieved with Precision of 0.891 and Recall of 0.845, but the number of
parameters increases to 2 957 368. The experiments show that all three modules have positive effects
on the performance improvement of the YOLOv10n model, and that all of them achieve the best
results on the key metrics when they are all enabled, although they increase the number of parameters.

In order to comprehensively analyze the model efficiency, this paper compares the computational
complexity indicators of the baseline model (YOLOv10n), other YOLO series models (YOLOv5n,
YOLOv6n, YOLOV8N) and the improved model (YOLO-RSTA) (as shown in table 4). Specifically
including:
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GLFOPs (Giga Floating-Point Operations): represents the billion floating-point operations required
for the model forward reasoning, used to measure the computational complexity;

Inference Time: The total processing time (unit: milliseconds) of a single image from input to
output prediction box consists of the time of four stages: pre-processing time, inference time, loss
time, and post-processing time for each image.

Table 4
Computational complexity experiments

Model-name | Parameters | Preprocess | Inference | Loss | Postprocess | GLFOPs
YOLO-10n 2 694 806 0.4 35 0 1.8 8.2
YOLO-5n 2503139 0.4 2.6 0 10 7.1
YOLO-6n 4233 843 0.3 2.6 0 10.3 11.8
YOLO-8n 3 005 843 0.4 2.7 0 9.5 8.1
YOLO-RSTA | 2957 368 0.3 3.6 0 0.7 8.2

Experimental results show that the number of parameters of YOLO-RSTA increases by about 9.7 %
compared with the baseline, but the GLFOPs remains unchanged at 8.2, which is close to YOLOv8n,
but significantly lower than YOLOV6n, indicating that it maintains a lightweight design. The GLFOPs
of YOLO-RSTA is 8.2, which is the same as YOLOv10n and YOLOvS8n, and better than YOLOv6N's
11.8, proving that the improved module does not introduce additional computational burden.
The inference time of YOLO-RSTA is 3.6 ms, slightly higher than YOLOv8n's 2.7 ms, but
significantly better than YOLOv5n's (2.6 ms) post-processing efficiency. The post-processing
optimization of YOLO-RSTA benefits from the suppression of redundant prediction boxes by the
NWD loss function. The post-processing time of YOLO-RSTA is 0.7 ms, which is 61 % lower than the
1.8 ms of the baseline YOLOv10n model, and a significant improvement over YOLOv5n. YOLO-
RSTA significantly improves the accuracy (mAP50: 0.914) and recall rate (0.845) while maintaining
reasonable computational efficiency, making it suitable for actual remote sensing image processing
scenarios.

Conclusion. This study proposes an enhanced remote sensing image building detection framework
YOLO-RSTA, which innovatively integrates RepConv, super-labeled attention mechanism (STA) and
optimized NWD loss function into YOLOv10. Experimental validation on the LEVIR-CD dataset
demonstrates the superiority of the method, achieving the best available performance of
0.891 accuracy, 0.845 recall, and 0.914 mAP50 while maintaining an efficient parameter utilisation
(2.95M). In terms of computational complexity, YOLO-RSTA maintains the same amount of
computation as the baseline model with only a 9.7 % increase in parameter size, and optimises the
post-processing process with NWD, reducing the post-processing time by 61 %. This demonstrates
that the proposed method improves the accuracy without obviously sacrificing the computational
efficiency, and is suitable for real remote sensing image processing scenarios.

The performance improvement mainly comes from three key improvements: (1) The RepConv
module enhances the feature representation ability, and the mAP50 is improved by 3.0 % compared
with the baseline; (2) The STA mechanism effectively models the global contextual relationship in
complex remote sensing scenes, and outperforms traditional attention modules (such as CBAM,
SE, etc.) in terms of the balance between accuracy and recall; (3) The NWD loss function significantly
improves the localization accuracy of small buildings, and the recall rate is improved by 2.1 %.
Ablation studies confirm the synergistic effect of these components, where the full model achieves the
best indicators through staged optimization.

Compared with mainstream lightweight models (YOLOV5n, v8n), YOLO-RSTA achieves higher
detection accuracy with moderate parameter growth (mAP50 is 1.6 % higher than YOLOv8n).
Compared with variant models using other attention mechanisms or backbone replacement, this
method also shows stronger generalization ability, especially in maintaining mAP50-95 stability.
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Experimental results show that YOLO-RSTA can effectively improve the model's ability to
recognize building features, especially in complex backgrounds and building detection of different
scales. In the future, how to further improve the model's ability to detect small objects, it is expected
that this method can provide valuable references for researchers in related fields and inspire more
innovative research directions.

Authors' contributions. X. Wu proposed an object detection method based on an improved
YOLOV10 network, and conducted experimental studies including training and testing the models on
the LEVIR-CD dataset. S. V. Ablameyko participated in summarizing, analyzing, and presenting the
obtained results, which demonstrate the superiority of the proposed method over the traditional
YOLOV10 and other comparative approaches.
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