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Abstract 
The VMamba (Visual State Space Model) is built upon the Mamba model by 
stacking Visual State Space (VSS) modules and utilizing the 2D Selective Scan 
(SS2D) module to extend the original Mamba model’s capability from han-
dling one-dimensional sequences to two-dimensional sequences. This en-
hancement broadens the application of the Mamba model to visual tasks. 
Compared to CNNs and Transformers, Mamba retains two significant ad-
vantages: long-sequence modeling and linear complexity, making it well-
suited for high-resolution image tasks. While previous studies have explored 
its application in high-resolution remote sensing image processing, challenges 
such as high computational cost and slow training speed persist. The core issue 
arises from multiple sequence scans and the merging process after sequence 
processing, which slows down model training. This paper investigates the se-
quence scanning process and proposes multiple scanning algorithms. Specifi-
cally, we employ a unidirectional sequence scanning algorithm in high-reso-
lution remote sensing change detection to reduce the number of scans in the 
scanning module, thereby accelerating model training. By evaluating its per-
formance in classification and object detection tasks, we thoroughly test the 
feature extraction capabilities of these scanning algorithms in the VMamba 
model. Through comparative experiments in high-resolution remote sensing 
change detection, we demonstrate that our proposed unidirectional scanning 
algorithm achieves comparable or even superior performance with higher 
computational efficiency compared to omnidirectional scanning algorithms. 
Experimental results further suggest a potential correlation between the SS2D 
algorithm’s feature extraction capability and its performance in remote sens-
ing change detection. This study provides valuable insights for further re-
search on Mamba-based remote sensing change detection algorithms. 
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1. Introduction 

Bitemporal remote sensing change detection refers to the process of detecting and 
identifying changes in land cover by analyzing images of the same geographical 
area captured at different times by satellites, UAVs, or other remote sensing plat-
forms. This includes binary classification tasks for detecting change areas and 
multi-class classification tasks for identifying change types [1]. As an essential 
method for monitoring surface changes, remote sensing change detection is 
widely applied in environmental monitoring, disaster response, urban planning, 
and other fields, providing critical decision-making support for environmental 
protection, resource management, urban development, strategic security, and 
land resource management. 

Mamba [2] is a novel deep learning architecture based on the State Space Model 
(SSM), initially designed for natural language processing. The standard Mamba 
model operates on one-dimensional sequences. To extend its capability to visual 
tasks, Liu et al. [3] proposed VMamba, whose core component is the Visual State 
Space (VSS) module, composed of the 2D Selective Scan (SS2D) algorithm. 
VMamba integrates the advantages of CNNs [4] and Transformers [5], enabling 
both local feature extraction and global modeling with high computational effi-
ciency. Compared to Transformers, VMamba has lower computational complex-
ity, making it highly suitable for large-scale remote sensing data processing, espe-
cially for multitemporal imagery. 

In current VMamba-based remote sensing change detection studies, the SS2D 
module typically adopts four-directional or omnidirectional sequence scanning 
methods. Although these methods theoretically enhance feature extraction, they 
also significantly increase the number of sequence scans and merging operations. 
This results in excessive memory consumption when processing image data and 
decreases model efficiency due to frequent sequence reads and merges. 

To address these challenges, we propose multiple additional scanning algo-
rithms and conduct a detailed performance study. By evaluating their feature ex-
traction capabilities in classification and object detection tasks, we identify algo-
rithms that balance strong feature extraction performance with computational ef-
ficiency. We implement these optimized algorithms within the RS-Mamba [6] 
benchmark model and test them using two public remote sensing change detec-
tion datasets: LEVIR-CD [7] and WHU-CD [8]. Our findings indicate that, com-
pared to the omnidirectional scanning algorithm in RS-Mamba, the proposed uni-
directional scanning algorithm achieves better efficiency. This discovery provides 
valuable insights for future research on VMamba applications in high-resolution 
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remote sensing change detection. 

2. Relate Work 

2.1. Mamba and VMamba 

The core idea of the Mamba network is to process sequence data by introducing 
the State Space Model (SSM). The State Space Model is a mathematical model 
used to describe dynamic systems, typically applied in control theory and signal 
processing. Mamba combines SSM with deep learning, proposing a new approach 
for sequence modeling. 

SSM is a mathematical model for describing dynamic systems and is widely 
used in fields such as signal processing, control systems, time series analysis, and 
deep learning. It represents the system’s dynamic evolution through “state varia-
bles” and uses observation variables to describe measurable data. Its structure is 
shown in Figure 1. 
 

 

Figure 1. Algorithm flow of state-space model. 
 

The State Space Model typically consists of two equations: the state equation, 
which describes how the system’s state evolves over time, and the observation 
equation, which describes how observations are generated from the state. Let 

( )h t′  be the hidden system state and ( )y t  be the observation data. The State 
Space Model can be described by Equation (1) and Equation (2).  

 ( ) ( ) ( )h t A h t B x t′ = ⋅ + ⋅  (1) 

 ( ) ( ) ( )y t C h t D x t= ⋅ + ⋅  (2) 

Where ( )x t  is the optional control input, ( )h t  is the current system state, and 
𝐴𝐴,B, C, and D are fixed parameter matrices that control the historical state, input 
information, output information, and state transition. Since this model describes 
the state changes of a system in continuous space over time, to apply it in real-
world sequence modeling, Gu et al. [9] introduced the Structured State Space Se-
quence (S4) model.  

The S4 model addresses the high computational and memory demands of tra-
ditional SSMs when handling long sequence data by introducing a new parame-
terization method. Instead of directly computing the SSM convolution (which is 
very time-consuming for long sequences), S4 calculates the values of its truncated 
generating function at unit roots, and then uses the inverse Fast Fourier Trans-
form (FFT) to obtain the SSM’s convolution kernel. This method reduces the 

Input OutputSSM Model

( ) ( ) ( )h t A h t B x t′ = ⋅ + ⋅

( ) ( ) ( )y t C h t D x t= ⋅ + ⋅

State Equation

Input Equation
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computational complexity from ( )2O N L  to ( )O N L+ , where N  is the se-
quence length and L  is the state dimension. 

S5 (2023) [10] is an improved version of S4. S5 enhances the frequency domain 
computation method, reducing the overhead of generating function calculation 
and FFT transformation, further lowering the computational complexity. It also 
introduces sparsification techniques to reduce the number of non-zero elements 
in the state matrix A, thus lowering the computation cost of matrix multiplication. 
The specific HiPPO matrix used for initialization in S4 could not be diagonally 
processed in a numerically stable manner, so in S5, the state matrix is diago-
nalized, and an approximation of the diagonalized matrix is used to achieve 
HiPPO [11] initialization, maintaining computational efficiency while achieving 
good performance. 

S6 (2024) [2] is a further improvement of S5, aiming to fully address the insta-
bility of SSM in deep learning training and provide stronger capabilities than the 
Transformer. Its computational diagram is shown in Figure 2. S6 introduces a 
selective mechanism that allows the model’s parameters (such as Δ, 𝐵𝐵, and C) to 
be dynamically adjusted according to the input. This mechanism enables the 
model to selectively propagate or forget information based on the current input, 
making it better suited for handling discrete modalities (such as text) and tasks 
requiring content-dependent reasoning. S6 also incorporates hardware-aware 
computational optimization techniques such as Parallel Scan and Activation 
Recomputation. These techniques allow S6 to run efficiently on modern hard-
ware such as GPUs, significantly improving computational efficiency. The com-
putational complexity of S6 is linear with respect to the sequence length O(N), 
much lower than the quadratic complexity of the Transformer. S6 is a core com-
ponent of the Mamba architecture, and the Mamba network consists of multiple 
stacked Mamba basic modules. The structure of the basic Mamba block is shown 
in Figure 3. 

The standard Mamba design is intended for one-dimensional sequences. To han-
dle visual tasks, Liu et al. [3] introduced VMamba. The core of VMamba is the visual 
state space (VSS) module, which consists of a 2D selective scanning algorithm 
(SS2D). SS2D is a four-direction scanning mechanism specifically designed for the 
spatial domain. The SS2D scanning process is shown in Figure 4 and Figure 5 shows  
 

 

Figure 2. Algorithm flow of s6 selective state-space model. 
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Figure 3. Mamba block architecture [2]. 
 

the VSS block structure. Its effectiveness in image feature extraction has been 
demonstrated. The Mamba network combines the advantages of CNNs and Trans-
formers, allowing for global modeling of data while effectively addressing long-
range dependencies, leading to better performance in image-related tasks. 

RS-Mamba and CD-Mamba [12] are representative applications of Mamba in 
remote sensing change detection. In these models, omnidirectional and four-di-
rection SS2D scanning blocks are used as feature encoders in feature extraction, 
respectively. They also use the same multi-scale Siamese network architecture. RS-
Mamba attempts to replace the decoder with a CNN fully connected network to 
reduce computational costs. 
 

 

Figure 4. SS2D scanning process [3]. 
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Figure 5. VSS block structure. 

2.2. Evaluation Metrics 

In our experiments, which include image classification, object detection, and 
change detection, the evaluation metrics include Precision (P), Accuracy (A), 
Overall Accuracy (OA), Recall (R), F1-Score (F1), Intersection over Union (IoU), 
and Kappa Coefficient [13]. 

To obtain the above metrics, the experiment introduces the confusion matrix. 
The confusion matrix is a table used to evaluate the performance of classification 
models, especially suitable for binary and multi-class problems. It shows the rela-
tionship between the model’s predicted results and the actual labels, helping us 
intuitively understand the classifier’s performance. The confusion matrix serves 
as the basis for calculating many classification evaluation metrics, including Ac-
curacy, Precision, Recall, F1-Score, and Kappa Coefficient. The confusion matrix 
and related definitions are shown in Table 1. 
 
Table 1 Confusion matrix structure. 

  Prediction 

  Positive Negative 

Ground 
Truth 

Positive True Positive(TP) False Negative(FN) 

Negative False Positive(FP) True Negative(TN) 

 

Precision measures the proportion of true positive samples among the samples 
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⊕ 
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predicted as positive by the model. The higher the precision, the fewer the false 
positives, indicating the model’s ability to correctly predict positive samples. The 
calculation is given in Equation (3). 

 TPP
TP FP

=
+

 (3) 

Accuracy measures the proportion of correctly classified samples among all 
samples. The higher the accuracy, the more accurate the model’s predictions. The 
calculation is given in Equation (4). 

 TP TNA
TP TN FP FN

+
=

+ + +
 (4) 

Recall measures the proportion of true positive samples among all actual posi-
tive samples. The higher the recall, the better the model’s ability to detect positive 
samples. The calculation is given in Equation (5). 

 TPR
TP FN

=
+

 (5) 

F1-Score considers the harmonic mean of Precision and Recall, making it suit-
able for model evaluation when classes are imbalanced. The higher the F1-Score, 
the better the model’s performance in change detection. The calculation is given 
in Equation (6). 

 1 2 PRF
P R

= ×
+

 (6) 

IoU is used to measure the overlap between the predicted region and the true 
region. The higher the IoU, the better the prediction performance. The intersec-
tion refers to the area where the predicted box overlaps with the true box, while 
the union refers to the total area of the predicted and true boxes (i.e., the area of 
their union). The calculation is given in Equation (7). 

 TPIoU
TP FP FN

=
+ +

 (7) 

mIoU is a commonly used metric in semantic segmentation tasks, representing 
the average IoU of all categories. The higher the mIoU, the better the model. The 
calculation is given in Equation (8). 

 
1

1 N
i

i i i i

TPmIoU
N TP FP FN=

=
+ +∑  (8) 

mAP (mean Average Precision): mAP is a commonly used evaluation metric 
for object detection models, representing the average precision of the model at 
different IoU thresholds. In this study, COCO/bbox_mAP_50 is used to represent 
the average precision at an IoU threshold of 50% in the COCO dataset to evaluate 
the performance of object detection tasks. The process begins by integrating the 
P-R curve, then using interpolation to calculate AP in the COCO dataset. For each 
Recall value, the maximum Precision value is taken. The calculation is given in 
Equation (9), and the average AP of all categories is taken to obtain the mAP, as 
shown in Equation (10). 
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 ( ) ( )1 interp 1
1

N

i i i
i

AP R R P R+ +
=

= − ⋅∑  (9) 

 
1

1 N

i
i

mAP AP
N =

= ∑  (10) 

The Kappa coefficient (also known as Cohen’s Kappa) is a statistical measure 
used to evaluate the consistency of a classifier, as expressed in Equation (11). It is 
especially useful for assessing the match between predicted results and actual la-
bels, considering the effect of random agreement. It represents the actual observed 
classification consistency, i.e., the proportion of cases where the two classifications 
match, and represents the expected classification consistency based on random 
prediction. In a confusion matrix N, the calculation of is given in Equation (12), 
and the calculation of is given in Equation (13). 

 
1

o e

e

p p
p

κ
−

=
−

 (11) 

 
1

k

o ii
i

p P
=

= ∑  (12) 

 
1total

1 k

o ii
i

p N
N =

= ∑  (13) 

The Kappa coefficient is used in classification tasks, especially when multiple 
categories are present, to evaluate the consistency of the model’s predictions for 
each label. In this experiment, it may be used for evaluation in binary and multi-
class classification tasks. 

3. VMamba SS2D Scan Methods 
3.1. Current Scan Methods and Scan Process 

The data processing process in SS2D mainly consists of three steps: cross-scan-
ning, selective scanning using S6 blocks, and cross-merging. 
• Cross-Scanning: SS2D first expands the input patches along four different tra-

versal paths. Each path scans the image and flattens the image patches into 
sequences. This step transforms the spatial information of the image into a 
sequential format, making it easier for subsequent processing. 

• Selective Scanning: Each patch sequence is then processed in parallel through 
individual S6 blocks. The S6 blocks dynamically adjust based on the input im-
age features, selectively propagating and forgetting information. This step en-
hances feature extraction capabilities while improving efficiency by parallel 
computation. 

• Cross-Merging: The processed result sequences are reshaped and merged into 
the output image. During this stage, each pixel in the image integrates infor-
mation from other pixels from four directions (both forward and backward). 
This allows SS2D to establish a global receptive field in the 2D space, improv-
ing the extraction of image features. 

In VMamba, SS2D is a four-direction scanning mechanism designed specifically 
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for the spatial domain, which can effectively combine spatial information. RS-
Mamba further introduces a diagonal scanning approach, creating a full-direc-
tional state space, which includes scanning sequences in eight directions. These 
eight directions consist of four forward directions and four backward directions, 
with each direction requiring an S6 block to extract features. The four forward di-
rections shows in Figure 6. Although full-directional scanning can extract rich fea-
tures, it is computationally expensive and slower. To address this issue, this paper 
proposes a new method that combines single-direction or multi-direction scan-
ning, aiming to reduce computational cost by using different scanning algorithm 
combinations. The effectiveness of this method is tested on multiple practical tasks. 
Through experiments on Imagenet image classification, COCO object detection, 
and RS-Mamba remote sensing change detection, the feature extraction ability of 
the new scanning algorithm is evaluated. 
 

 

Figure 6. Omnidirectional scanning process. 
 

By testing on these tasks, the relationship between feature extraction ability and 
remote sensing change detection tasks was determined. Finally, the model was 
tested on LEVIR-CD and WHU-CD remote sensing datasets, demonstrating that 
the improved Mamba algorithm performs better in remote sensing change detec-
tion tasks, making it more effective for remote sensing applications in change de-
tection. 

3.2. New Scan Methods 

This paper proposes a total of seven completely new scanning algorithms and one 
combination, including four scanning algorithms and their combinations in RS-
Mamba, resulting in a total of 13 different scanning methods. Compared to the 
original scanning algorithms, relevant experiments were conducted, and the scan-
ning algorithm and the corresponding number of sequence scans (S6 scan se-
quences) for each method are listed in Table 2. 
 
Table 2. Scanning method and number of scans. 

Scan Name Scan Count Scan Name Scan Count 

CrossScan_cir 2 CrossScan_para_diag 2 

CrossScan_sn_hor 2 CrossScan_para_antidiag 2 

a) para_hor b) para_verti c) fake_diag d) fake_antidiag
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Continued 

CrossScan_sn_verti 2 CrossScan_para_hor 2 

CrossScan_sn_diag 2 CrossScan_para_verti 2 

CrossScan_sn_antidiag 2 CrossScan_fake_diag 2 

CrossScan_fake_antidiag 2 CrossScan_sn_rec_diag 8 

 
Among these scanning algorithms, para_hor, para_verti, fake_diag, and 

fake_anti_diag are extracted from the original full-directional scanning algo-
rithm. The sn_rec_diag is a serpentine scanning algorithm, which is a combina-
tion of four serpentine scanning methods. After the combination, it has the same 
number of S6 scanning blocks as the full-directional scanning algorithm. To 
make it easier to use, the three steps of SS2D scanning processing have been 
packaged into a separate file for easy use in any task using VMamba scanning 
algorithms. All scanning algorithms are robust and can be applied to images of 
any resolution. The scanning order of the seven new scanning methods pro-
posed is shown in Figure 7. 
 

 

Figure 7. New scanning method diagram. 
 

To assess the computational cost of the core scanning algorithms, we used the 
fvcore package tool to perform related calculations. The input consisted of two 
dual-temporal images, and based on the remote sensing change detection algo-
rithm (Chapter 4) module we proposed, we only calculated the core scanning al-
gorithm, specifically the PythonOp. SelectiveScanCore part. This part consists of 
15 scanning modules. To objectively record the data, we used K FLOPs/Pixel as 
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the unit of measurement, representing the number of floating-point operations 
performed per pixel in this process. Table 3 shows the core scanning computa-
tional cost for all 13 scanning methods. From the table, it can be seen that the core 
computational cost is directly related to the number of scans. In the actual test 
process, we also found that the computational speed is somewhat related to the 
scanning method, but this will not be elaborated further here. 
 
Table 3. Core computational complexity of different scanning algorithms (K FLOPs/Pixel). 

Scan Name Complexity Scan Name Complexity 

CrossScan_cir 19.13 CrossScan_para_diag 19.13 

CrossScan_sn_hor 19.13 CrossScan_para_antidiag 19.13 

CrossScan_sn_verti 19.13 CrossScan_para_hor 19.13 

CrossScan_sn_diag 19.13 CrossScan_para_verti 19.13 

CrossScan_sn_antidiag 19.13 CrossScan_fake_diag 19.13 

CrossScan_fake_antidiag 19.13 CrossScan_sn_rec_diag 76.56 

CrossScan_Org 76.56   

4. Experiments 
4.1. ImageNet Image Classification Experiment 

The goal of the ImageNet [14] image classification task is to recognize objects or 
scenes in an image and classify them into one of 1000 categories. For example, 
categories can include animals (such as dogs, cats, and birds) or objects (such as 
cars, airplanes, and chairs). In the ImageNet image classification experiment, sin-
gle-label classification is typically used, meaning each image can only belong to 
one category (although multi-label classification may be used in some extended 
tasks). In the ImageNet experiment using VMamba for classification, the network 
structure used is shown in Figure 8, with default parameters, including data pre-
processing methods. For details, please refer to the original text of the author. 
 

 

Figure 8. VMamba network architecture [15]. 
 

The experimental process involves using the training set and validation set. 
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Since the test dataset was not provided, our experiment process is as follows: after 
each epoch of training, validation is performed on the validation set, and the 
model parameters with the highest accuracy in the validation set are recorded for 
the second image segmentation experiment. 

The data processing of this classification model begins with the original image, 
which is first passed through a convolution operation for Patch_Embedding. After 
normalizing the data, it is sent to the VSSM module composed of multiple layers 
of SSM 2D for processing. The processed feature data is then classified by a clas-
sification head. The classification head normalizes the input data, performs chan-
nel transformation, applies global average pooling, and flattens the data. Finally, 
a Linear layer produces the category prediction. 

Below is the parameter comparison of various scanning algorithms’ Top-1 ac-
curacy (ACC) on ImageNet. To avoid overfitting, EMA results were not used. 
Models with EMA performed better on the test set than those without EMA. Com-
pared to the standard training models, EMA increased Top-1 Accuracy. The pur-
pose of this experiment is to verify the effectiveness of different scanning algo-
rithms and their computational costs. Therefore, the results of the standard train-
ing model are used for comparison. The best model is recorded when the Top-1 
ACC reaches the maximum value, which will be used for subsequent segmenta-
tion task validation. “Org” represents the original full-directional scanning algo-
rithm results. The accuracy (ACC) results are shown in Figure 9. 
 

 

Figure 9. Accuracy of different algorithms in ımagenet-1k ımage classification. 
 

From the figure, we can see that the original full-directional scanning algorithm 
(Org) indeed has stronger feature acquisition capabilities and performs exception-
ally well in classification tasks. In this experiment, we can observe that even with 
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single-direction scanning algorithms, the following algorithms still perform bet-
ter. The newly proposed algorithms sn_verti and para_hor both show good per-
formance in Acc@1 and EMA Acc@1, outperforming other single-direction scan-
ning algorithms. 

4.2. COCO2017 Object Detection Experiment  

COCO (Common Objects in Context) [16] is one of the most commonly used 
object detection datasets in computer vision, containing 80 object categories. It 
includes challenges such as multi-scale, complex backgrounds, and occlusions. In 
this experiment, the object detection testing is carried out using the OpenMMLab-
developed libraries MMCV and MMDetection. These libraries are core compo-
nents of the OpenMMLab ecosystem. MMCV serves as the foundational library 
for MMDetection [17], which is a dedicated library for object detection tasks, 
while MMCV provides many general tools and modules to support and enhance 
the development of MMDetection and other computer vision tasks. 

In this experiment, I used the VSSM module, which is composed of my pro-
posed scanning algorithms, as the feature extraction backbone network. The 
model parameters are pre-trained on the ImageNet dataset from the classification 
experiment, and together with other MMCV tools, the algorithm’s transferability 
is validated. The operational logic for MMDetection in object detection tasks is 
shown in Figure 10. 
 

 

Figure 10. MMDET Tool Running Logic. 
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This experiment leverages the detection network from the VMamba paper, 
where part of the configuration, including the Backbone pre-trained file, differs 
from the original. The best parameters from the various scanning algorithms in 
the ImageNet classification task are used as the Backbone pre-trained files. The 
model is fine-tuned on the COCO2017 dataset for 12 epochs. The best model pa-
rameters from these 12 epochs are tested on the COCO2017 test dataset. The per-
formance of each scanning algorithm is evaluated based on the final model’s per-
formance. For specific methods and processes related to object detection, readers 
can refer to other sources. Figure 11 shows the general process of training and 
testing the model. The goal of this experiment is to verify the transferability of the 
model by comparing the convergence speed and performance of different algo-
rithms, thereby demonstrating the effectiveness differences of the algorithms. 
 

 

Figure 11. MMDet object detection model workflow. 
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The object detection in this experiment adopts a two-stage approach. The pro-
cess involves using the backbone network MM_VSSM for feature extraction after 
preprocessing the data. The pre-trained model parameters are used in this exper-
iment. The FPN (Feature Pyramid Network) [18] is used for fusing features of 
different scales. The Region Proposal Network (RPN) generates candidate bound-
ing boxes, and RoI-Align extracts features from these candidate boxes. The 
bbox_roi_extractor is responsible for extracting ROI features, which are later used 
by the bbox_head to regress the bounding box coordinates and determine the ob-
ject location. The bbox_head is used for classifying the candidate boxes and re-
gressing the bounding boxes. The mask_head component generates object seg-
mentation masks. The model computes classification loss, bounding box regres-
sion loss, and mask loss based on the predicted results and ground truth labels. 
During the evaluation phase, the BBox postprocess module removes duplicate de-
tection boxes using operations such as non-maximum suppression (NMS), box 
adjustment (e.g., sorting by category and confidence), and threshold filtering (e.g., 
removing boxes with low confidence), and outputs the final segmentation result 
after binarization. 

In the configuration, we modified the image data preprocessing and resampling 
size to 800 × 600 and set the batch size to 18. Since the goal of this experiment is 
to validate the feature extraction capabilities of SS2D scanning algorithms in the 
Backbone, we made adjustments to accommodate the hardware constraints. The 
configurations, including the original full-directional scanning algorithm, were 
compared. Other default configuration parameters can be found in the target de-
tection section of the VMamba source code’s configuration file. 

Below are the performance results of the 13 scanning algorithms on the  
 

 

Figure 12. Performance of different algorithms in COCO 2017 object detection. 
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COCO2017 object detection task validation set. We use COCO/bbox_mAP and 
COCO/bbox_mAP_50 as evaluation metrics, with COCO/bbox_mAP_50 being 
the primary metric for assessing the detection ability of each algorithm. Figure 12 
presents the test results of various scanning algorithms. 

From the results, we can see that in terms of mAP_50 (mean Average Precision 
at an Intersection over Union threshold of 0.5), the accuracy of algorithms like 
org, para_antidiag, sn_verti, sn_diag, and sn_rec_diag is greater than 0.66. How-
ever, when evaluating mAP_50, the algorithms org, para_antidiag, sn_verti, and 
sn_rec_diag also perform well. Therefore, the algorithms with overall good per-
formance are org, para_antidiag, sn_verti, and sn_rec_diag. 

Combining the ImageNet classification performance, it can be concluded that 
sn_verti in the single-direction scanning algorithms has stable feature extraction 
capabilities. Although it does not perform as well as the full-directional scanning 
algorithm (org), it exhibits better algorithm efficiency. 

4.3. Comparative Experiments on SS2D Change Detection 

The goal of this experiment is to validate the practical effectiveness of various scan-
ning algorithms in remote sensing image change detection tasks. In the RS-Mamba 
network, the omnidirectional selective scanning method was proposed for the first 
time and introduced into VHR (Very High Resolution) remote sensing dense pre-
diction tasks, making it the foundational network for this experiment. By replacing 
the SS2D scanning algorithm in the model with the algorithm proposed in this pa-
per, experiments are conducted on the WHU-CD and LEVIR-CD datasets. The 
experimental results, combined with previous classification and object detection 
experiments, help determine whether the feature extraction capability is directly 
related to the performance in remote sensing change detection, and assess the spe-
cific performance of the algorithm in this domain. 

The change detection network in RS-Mamba adopts a Siamese network ar-
chitecture. The dual-temporal VHR remote sensing images are first converted 
into dual-temporal image patch sequences via patch embedding. These se-
quences are then fed into a dual-temporal encoder with shared weights to ex-
tract features. The shared-weight encoder in RS-Mamba consists of five stages, 
each containing multiple OSS (Object-Specific Scan) blocks, and the encoder 
itself is made up of four encoder blocks. After feature extraction by the shared-
weight encoder, the features of the dual-temporal images with the same size are 
concatenated along the channel dimension and fused through convolutions, 
integrating the information of the dual-temporal VHR remote sensing images 
to effectively segment the changed objects. The fused features are upsampled 
in the decoder and concatenated with the corresponding fused features from 
skip connections and convolutions. After two convolution operations for di-
mensionality reduction and upsampling to restore the original resolution, a fi-
nal convolution operation is applied for classification output. The overall struc-
ture is illustrated in Figure 13. 
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Figure 13. RS-Mamba network architecture [6]. 
 

 

Figure 14. Test results of different scanning methods in RS-Mamba. 
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In this experiment, we replace the SS2D scanning algorithm with the relevant 
content from this study and verify the potential performance of different scanning 
algorithms in VHR remote sensing dense prediction tasks. The batch size is set to 
4, and after 300 epochs, the model with the highest F1 score is selected. The vali-
dation data from the LEVIR dataset is used to assess the detection performance of 
different scanning algorithms. Evaluation metrics A, F1, Precision (P), and Recall 
(R) are used to describe the test results, as shown in Figure 14, where the key 
algorithmic metrics are annotated on the graph. The results for other algorithms 
are presented in Table 4, with the best-performing parameters highlighted in red 
and the second-best parameters in bold. 
 
Table 4. Test results of All scanning methods in RS-mamba. 

 A F1 P R 

cir 0.9898 0.8982 0.9171 0.8800 

fake_antidiag 0.9908 0.9079 0.9223 0.8940 

fake_diag 0.9884 0.8850 0.8970 0.8733 

org 0.9899 0.8984 0.9225 0.8756 

Org* - 0.9110 0.9252 0.8973 

para_antidiag 0.9898 0.8982 0.9096 0.8872 

para_diag 0.9901 0.9010 0.9146 0.8878 

para_hor 0.9899 0.8988 0.9144 0.8836 

para_verti 0.9899 0.8989 0.9142 0.8841 

sn_antidiag 0.9895 0.8968 0.8951 0.8984 

sn_diag 0.9902 0.9043 0.9031 0.9055 

sn_hor 0.9900 0.9005 0.9103 0.8909 

sn_rec_diag 0.9894 0.8922 0.9244 0.8622 

sn_verti 0.9903 0.9021 0.9251 0.8803 

 

From the figures and tables, we can see that under the same environment, the 
original omnidirectional scanning algorithm performs worse than many unidirec-
tional scanning algorithms in the remote sensing change detection task on the 
LEVIR-CD dataset. The sn_rec_diag algorithm, proposed in this study, performs 
similarly to the original omnidirectional algorithm, suggesting that the choice of 
scanning method significantly impacts change detection performance. Among the 
important parameters, the proposed scanning algorithms generally perform well 
in RS-Mamba. Algorithms such as fake_antidiag, sn_verti, and sn_diag show bet-
ter performance, especially in the F1 score, on core metrics. To balance algorithm 
stability and efficiency, this paper selects the RS-Mamba model with the sn_verti 
unidirectional scanning algorithm for comparative experiments across multiple 
datasets against other algorithms. 
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4.4. Comparative Experiments on Remote Sensing Change Detection 

This study uses RS-Mamba as the experimental benchmark to compare the per-
formance of common remote sensing change detection models on the LEVIR-CD 
and WHU-CD datasets. The parameters of the SSM module are kept consistent 
with those in RS-Mamba. The baseline model’s performance on these datasets is 
reproduced in our local experimental environment, while the test results of other 
models are cited from their original papers. During training on different datasets, 
the number of epochs is set to 200, with varying batch sizes: 8 for LEVIR-CD and 
64 for WHU-CD256. The optimizer used is Adam, with the learning rate linearly 
increasing to 1e-3 within the first 1000 steps. 

The comparison of key parameters between commonly used methods and ENRS-
Mamba on the LEVIR-CD and WHU-CD datasets is shown in Table 5 and Table 6, 
where RS-Mamba represents the results obtained in our experimental environment. 

To provide a more objective evaluation of the overall performance of different 
algorithms, Table 7 presents the parameter size and computational cost of some 
statistically competitive methods. 
 
Table 5. Performance of common algorithms in change detection on LEVIR-CD dataset. 

Methods P F1 R IoU 

RS-Mamba(org) 0.9225 0.8984 0.8750 0.8156 

FC-EF [8]  0.8691 0.8340 0.8017 0.7153 

FC-Siam-Diff [8]  0.8953 0.8631 0.8331 0.7591 

MTCNet [19]  0.9087 0.9024 0.8962 0.8222 

BIT [20]  0.8924 0.8930 0.8937 0.8068 

ChangeFormer [21] 0.9205 0.9040 0.8880 0.8247 

RS-Mamba (sn_verti) 0.9251 0.9021 0.8803 0.8235 

 
Table 6. Performance of common algorithms in change detection on WHU-CD. 

Methods P F1 R IoU 

RS-Mamba(org) 0.9233 0.9122 0.9014 0.8386 

FC-EF [8]  0.7886 0.7875 0.7864 0.6495 

FC-Siam-Diff [8]  0.8473 0.8600 0.8731 0.7544 

MTCNet [19]  0.7510 0.8265 0.9190 0.7043 

BIT [20]  0.8664 0.8398 0.8148 0.7239 

MSCANet [22] 0.9110 0.9047 0.8986 0.8260 

RS-Mamba (sn_verti) 0.9363 0.9170 0.8985 0.8467 

 
Table 7. Algorithm efficiency of representative remote sensing change detection methods. 

Methods Params(M) FLOPs(G) 

RS-Mamba [6]  51.95 26.46 
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Continued 

MambaBCD-Tiny [12]  17.13 45.74 

SNUNet [23]  12.03 27.44 

ChangeFormerV3 [21] 24.30 33.68 

RS-Mamba (sn_verti) 44.71 16.82 

 

Figure 15 and Figure 16 show the actual results of the model structure tested 
on the LEVIR-CD and WHU-CD datasets with default configuration parameters. 
 

 

Figure 15. Example of Test Results on LEVIR-CD (Resolution 1024*1024). 
 

 

Figure 16. Example of Test Results on WHU-CD (Resolution 256*256). 
 

From the figures, it is evident that compared to RS-Mamba, which employs an 
omnidirectional scanning-based change detection model, the proposed algorithm 
demonstrates superior performance. This improvement is mainly reflected in 
fewer noise artifacts and more complete classification results, leading to an overall 
enhancement in change detection performance. 

Among the comparison models, Table 5 and Table 6 present the performance 
of representative models on remote sensing change detection datasets. Repre-
sentative CNN-based models include FC-EF, FC-Siam-Diff, and DSIFN, while 
Transformer-based models include ChangeFormer and MTCNet. ChangeFormer 
is a hybrid model combining CNN and Transformer networks, while RS-Mamba 
represents Mamba-based models. 

From the tabulated data, it can be observed that overall, Transformer-based or 
hybrid models outperform pure CNN-based models, with Mamba-based models 
achieving the best performance. Although the proposed method did not achieve 
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RS-Mamba
Sn_verti

Image T1 Image T2

Reference MapRS-Mamba
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Image T1 Image T2 RS-Mamba
Org

https://doi.org/10.4236/jcc.2025.134017


R. Shi, Z. C. Wang 
 

 

DOI: 10.4236/jcc.2025.134017 285 Journal of Computer and Communications 
 

the best performance in LEVIR-CD change detection by only replacing the scan-
ning algorithm, it significantly reduces computational complexity compared to 
models with similar performance levels. Moreover, in WHU-CD (with a resolu-
tion of 256×256), the proposed method demonstrates a leading advantage in re-
mote sensing change detection. These experimental results validate the effective-
ness of the proposed unidirectional scanning algorithm, which exhibits competi-
tive advantages in both computational efficiency and detection accuracy. 

4.5. High-Resolution Image Comparison Experiment 

To evaluate the algorithm’s capability in handling high-resolution images, we uti-
lized the original WHU-CD dataset and conducted two sets of tests by partitioning 
it into different resolutions. In the comparative experiments presented in this 
study, we used the dataset with a resolution of 256 × 256. To assess the change 
detection performance of the algorithm on high-resolution remote sensing im-
ages, the original WHU-CD dataset was non-overlappingly segmented at different 
resolutions, specifically at 1024 × 1024 and 1536 × 1536. 

The original WHU-CD images were captured at a resolution of 32,507 × 15,354 
pixels. The partitioned dataset was divided into training, testing, and validation 
sets in a 6:2:2 ratio. Additionally, due to significant differences in GPU memory 
consumption between the RS-Mamba network using the original omnidirectional 
scanning algorithm and the scanning algorithm proposed in this study at the same 
resolution, the memory usage of the original omnidirectional scanning algorithm 
was found to be more than twice that of the proposed scanning algorithm. Con-
sequently, different batch sizes were used for model training under different algo-
rithms, as detailed in Table 8. At a resolution of 1536 × 1536, the original omni-
directional scanning algorithm encountered out-of-memory (OOM) issues when 
the batch size was set to 2. Therefore, at this resolution, only the proposed algo-
rithm was tested, and the results from this part should be considered as a refer-
ence. The experimental results under different resolution settings are presented in 
Table 9 and Table 10. The testing results on the WHU-CD dataset at a resolution 
of 1024 × 1024 are illustrated in Figure 17. 
 
Table 8. Batch size during model training for different algorithms at various resolutions. 

 1024*1024 1536*1536 

RS-Mamba(org) 4 — 

RS-Mamba(sn_verti) 8 2 

 
Table 9. Comparison test results on WHU-CD with 1024*1024 resolution. 

 P F1 R IoU Kappa 

RS-Mamba(org) 0.7412 0.7011 0.6651 0.5394 0.6931 

RS-Mamba(sn_verti) 0.7870 0.7164 0.6574 0.6474 0.7111 
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Table 10. Experimental results on WHU-CD with 1536*1536 resolution. 

 P F1 R IoU Kappa 

RS-Mamba(org) — — — — — 

RS-Mamba(sn_verti) 0.7189 0.7247 0.7306 0.5768 0.7140 

 

 

Figure 17. Example of test results on WHU-CD dataset with 1024*1024 resolution. 
 

From Table 9 and Table 10, it can be observed that the proposed method out-
performs the omnidirectional scanning approach in high-resolution images. In 
more challenging high-resolution remote sensing images, the proposed method 
exhibits lower hardware dependency while maintaining stable performance with-
out degradation, enabling the model to make more accurate judgments. 

As shown in Figure 17, the proposed method significantly reduces false detec-
tions in high-resolution remote sensing change detection. However, it also results 
in greater loss of edge details and fine structures. Nevertheless, the overall perfor-
mance remains superior. 

5. Conclusion and Analysis 

From the results of the ImageNet classification experiment and the COCO dataset 
object detection experiment, the following conclusions can be drawn: 

a) Omnidirectional scanning algorithms have stronger feature extraction capa-
bilities, whereas unidirectional scanning algorithms are weaker in terms of feature 
extraction performance. 

b) The results from remote sensing change detection tasks show that feature 
extraction capability is a necessary but not sufficient condition for better change 
detection performance. In other words, stronger feature extraction capability does 
not always guarantee better detection results in remote sensing change detection 
tasks. However, for good performance in change detection, strong feature extrac-
tion capability is essential. In this study, the scanning algorithm needs to demon-
strate good classification and object detection capabilities, which would then 
translate into good detection performance in remote sensing change detection. 

c) The unidirectional scanning algorithms proposed in this paper outperform 
the omnidirectional scanning algorithm in remote sensing change detection. De-
spite the computational cost being only 1/4 that of the omnidirectional scanning 
algorithm, the proposed unidirectional algorithms achieve slightly better perfor-
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Org
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mance on the LEVIR-CD dataset and better performance on the WHU-CD da-
taset, thus proving the effectiveness of the algorithms. 

To address the issue of excessive computational cost and memory usage in 
VMamba when processing image data, this paper proposes several unidirectional 
scanning algorithms for VMamba SS2D and analyzes the performance of these 
algorithms through classification and object detection tasks. Testing in RS-
Mamba demonstrates the effectiveness and computational efficiency of the pro-
posed unidirectional scanning algorithms in remote sensing change detection. 
These algorithms offer valuable reference for future research. However, the limi-
tations of unidirectional scanning algorithms have been acknowledged. Future re-
search could focus on optimizing these algorithms further to achieve feature ex-
traction capabilities similar to omnidirectional scanning algorithms or even four-
directional scanning algorithms, but with reduced computational costs. This pre-
sents a promising research direction. 
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