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ABSTRACT

deep learning baselines.

Remote Sensing Scene Classification (RSSC) assigns remote sensing images to scene classes according to image
content and is important for land mapping, agriculture, disaster analysis, and resource monitoring. Satellite imagery
is frequently degraded by haze, fog, aerosol dispersion, noise, and limited on-board computational resources. This
paper presents a Leveraging Tiny Convolutional Neural Networks with a Water Cycle Algorithm for Remote Sensing
Scene Classification (LTCNN-WCRSSC) model. The method first applies median filtering for image preprocessing,
then extracts compact and discriminative representations using ConvNeXt-Tiny enhanced with efficient channel
attention and label smoothing. A spatiotemporal attention bidirectional long short-term memory (STA-BiLSTM)
classifier is used for scene recognition, while the Water Cycle Algorithm (WCA) selects hyperparameters to improve
classification performance. Experiments on the UC-Merced and EuroSAT datasets show that the proposed LTCNN-
WCRSSC model obtains strong accuracy, precision, recall, and F1-score compared with several lightweight and
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devices - Image preprocessing
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1. INTRODUCTION

Rapid advances in communication, collaborative technolo-
gies, robotics, the Internet of Things (IoT), drones, artificial
intelligence, edge/cloud computing, aerial access networks,
and big data analytics have enabled many smart-city and
remote sensing applications [1, 2, 3]. Aerial platforms, satel-
lites, unmanned vehicles, and sensor systems improve the
collection of real-time observations and support intelligent
security, monitoring, and emergency response services [4].

Remote sensing imaging (RSI) has developed substantially,
with higher spatial resolution and richer semantic information.
RSI is valuable in agricultural production, national defense,
disaster warning, environmental monitoring, and land-use

interpretation. RSSC remains challenging because scene cat-
egories can be visually similar, intra-class variation can be
large, and practical applications require accurate and efficient
processing of large-scale images on resource-constrained de-
vices [5, 6].

Deep learning (DL) has attracted attention in the remote
sensing community because it can learn hierarchical fea-
ture representations and often outperforms handcrafted ap-
proaches [7, 8]. However, deploying heavy models directly
on satellites, drones, or IoT devices is difficult because of
memory, computation, and energy constraints. This motivates
lightweight RSSC systems that combine compact convolu-
tional backbones, robust temporal or attention-based classifi-
cation, and meta-heuristic hyperparameter tuning.
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This study develops the LTCNN-WCRSSC model for ef-
ficient remote sensing scene classification with on-board
training capability. The model integrates median filtering,
ConvNeXt-Tiny feature extraction, STA-BiLSTM classifica-
tion, and WCA-based hyperparameter selection. The main
workflow is shown in Fig. 1.

Figure 1. Overall workflow of the LTCNN-WCRSSC model.

2. RELATED WORK

Recent RSSC research has explored deep convolutional net-
works, knowledge distillation, lightweight architectures, few-
shot learning, and on-board image interpretation. CNN-based
scene classification can transfer learned image representations
to high-resolution remote sensing data [7]. Data augmenta-
tion and multilayer feature integration have also improved
the discriminative ability of RSSC systems [8, 5].

Resource-aware remote sensing is increasingly important
for satellites, UAVs, and edge IoT devices. Prior studies
considered onboard autonomy, aerial object detection, emer-
gency monitoring, compact neural networks, and satellite im-
age classification using pretrained vision models [1, 2, 4, 9].
Lightweight change detection and compact multimodal mod-
els further demonstrate the need for small yet accurate models
in constrained deployments [10, 11].

ConvNeXt-Tiny provides a compact convolutional backbone
with modern design choices suitable for efficient image rep-
resentation. Attention mechanisms can enhance feature se-
lection by emphasizing informative channels or locations,
while label smoothing reduces over-confidence during clas-
sification. Recurrent and attention-based classifiers such as
STA-BiLSTM can model contextual relations in the extracted
feature sequence. Finally, meta-heuristic optimization meth-
ods such as WCA can tune hyperparameters without exhaus-
tive search [12, 13, 14].

3. PROPOSED METHODOLOGY

The proposed LTCNN-WCRSSC framework contains four
main stages: image preprocessing, ConvNeXt-Tiny feature
extraction, STA-BiLSTM based classification, and WCA-
based hyperparameter tuning.

3.1 Image Preprocessing

The input remote sensing image is first processed using a
median filter (MF), which reduces impulsive noise while
preserving local edges better than simple averaging. For a
pixel location (x,y) and neighbourhood Q, the filtered image

can be written as
Ivr(x,y) = median{I(i, j) : (i, ) € Quy}- ey

This stage improves the robustness of subsequent feature
extraction under degraded imaging conditions.

3.2 ConvNeXt-Tiny Feature Extraction

The preprocessed images are passed to a ConvNeXt-Tiny
backbone to extract compact features. The method uses effi-
cient channel attention (ECA) to recalibrate feature channels
without heavy fully connected layers. The ECA operation is
expressed as

Feca(x) = 6 (Conv1Dy(GAP(x))) ®x, (2)

where GAP(+) is global average pooling, o is the sigmoid
function, k is the one-dimensional convolution kernel size,
and ® denotes element-wise multiplication. The kernel size
is adaptively determined by

log,(C) b

k=y(C)=1— =+

3)

b
odd

where C denotes the number of channels and | - |ogq maps the
value to the nearest odd integer. Label smoothing regulariza-
tion (LSR) is also used:

3.3 STA-BiLSTM Classification

For RSSC, the feature sequence is classified using an STA-
BiLSTM model. The LSTM cell uses memory and gates to
preserve long-range dependency and reduce gradient vanish-
ing or explosion. The main equations are

f,zG(WfTs,fH-Ufot—l-bf), 5)

ir =0 (W s,1 +U % +b;), (6)

C/ =tanh (W) s, + Ul x, +b.), (7)
C=fixC_1+i; xC, (8)

Oy =0 (WS si-1+Ulx+b,), 9)

sy = O, X tanh(G,), (10)
minJ(0) = iloss ()?<’),y(’)> . (11)

t=1

BiLSTM processes features in forward and backward direc-
tions, while spatial and temporal attention assign greater
weights to informative features and hidden states. The STA-
BiLSTM structure is illustrated in Fig. 2.

3.4 WCA-Based Hyperparameter Tuning

The WCA is used to optimize the hyperparameters of the
STA-BiLSTM classifier. Candidate solutions are represented
as raindrops. The best solution is considered the sea, selected
high-quality solutions are rivers, and the remaining solutions
are streams. Streams flow toward rivers and the sea, while
evaporation and raining operations help avoid local optima.
This optimization process improves the final classification
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Figure 2. Structure of the STA-BiLSTM model.

results without exhaustive manual tuning.

4. EXPERIMENTAL SETUP

The experimental evaluation uses the UC-Merced land-use
dataset and the EuroSAT dataset. The UC-Merced dataset
contains 21 land-use classes, while EuroSAT contains 10 land-
cover classes. Sample images from the datasets are shown in
Fig. 3. Data availability is reported through the public dataset
links in the original study.

. |

= A

Figure 3. Sample images from the benchmark remote sensing
datasets.

Performance is measured using accuracy, precision, recall,
and F1-score:

TP+TN
Accuracy = + ) (12)
TP+TN+FP+FN
TP
Precision = ————, (13)
TP+FP
TP
Recall= —, (14)
TP+FN
Fle 2 x Prf.:c.ision x Recall (15)
Precision + Recall

5. RESULTS AND DISCUSSION

The classification behaviour of the proposed model is evalu-
ated using confusion matrices, precision—recall curves, ROC
curves, training/validation accuracy, training/validation loss,
and comparative analysis with existing models.

Fig. 8 shows the classification results for the EuroSAT dataset,
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Figure 4. UC-Merced dataset: confusion matrices, precision—recall
curve, and ROC curve.
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Figure 5. Average performance of the LTCNN-WCRSSC technique
on the UC-Merced database.
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Figure 6. Accuracy curve of the LTCNN-WCRSSC model on the
UC-Merced database.
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Figure 7. Loss curve of the LTCNN-WCRSSC model on the UC-
Merced database.
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Table 1. RSSC detection outcomes of LTCNN-WCRSSC on the UC-Merced database.

70% TRAPH
Class Acc. Prec. Rec. F1
L-1 99.25 92.21 9342 92.81
L-2 99.32 89.47 97.14 93.15
L-3 99.25 92.31 90.91 91.60

L-4 98.78 83.56 91.04 87.14
L-5 99.32 90.14 95.52 92.75
L-6 98.64 84.93 87.32 86.11
L-7 99.05 89.55 89.55 89.55
L-8 98.98 90.32 86.15 88.19
L-9 98.64 84.85 84.85 84.85

L-10 98.78 85.48 85.48 85.48
L-11 98.64 86.84 86.84 86.84
L-12 98.98 88.41 89.71 89.05
L-13 98.57 85.92 84.72 85.31
L-14 98.98 88.75 92.21 90.45
L-15 99.12 96.92 85.14 90.65
L-16 98.98 90.28 89.04 89.66
L-17 99.32 90.77 93.65 92.19
L-18 98.91 88.16 90.54 89.33
L-19 99.12 92.75 88.89 90.78
L-20 98.84 90.32 83.58 86.82
L-21 98.50 87.67 83.12 85.33

Average 98.95 89.03 88.99 88.96

including confusion matrices and curve-based evaluation.
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Figure 8. EuroSAT dataset: confusion matrices, precision—recall
curve, and ROC curve.
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Figure 9. Average performance of the LTCNN-WCRSSC model on
the EuroSAT database.

The comparative results show that the proposed method out-
performs EfficientNet, MobileNet, ResNet-50, ShuffieNet,
TGRRS-DK, DLB-LULCC, and RSSC-DBOEDL on the re-
ported metrics for both benchmark datasets.

30% TESPH

Class Acc. Prec. Rec.

L-1 98.89 86.96 83.33
L-2 98.89 87.10 90.00
L-3 99.21 96.77 88.24
L-4 98.57 81.58 93.94
L-5 99.05 93.55 87.88
L-6 98.89 89.29 86.21

L-7 99.68 100.00 93.94
L-8 99.37 9429 94.29
L9 99.37 94.12 94.12
L-10 99.68 97.37 97.37
L-11 98.89 86.96 83.33
L-12 98.57 82.86 90.62
L-13 99.37 92.86 92.86
L-14 99.21 87.50 91.30
L-15 99.37 86.67 100.00
L-16 99.37 9259 92.59
L-17 99.05 91.89 91.89
L-18 98.57 81.48 84.62
L-19 99.37 90.00 96.43
L-20 98.73 9630 78.79
L-21 98.89 86.36 82.61

Average 99.09 90.31 90.21
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Figure 10. Accuracy curve of the LTCNN-WCRSSC model on the
EuroSAT database.
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Figure 11. Loss curve of the LTCNN-WCRSSC model on the

EuroSAT database.
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Figure 12. Comparative analysis of the LTCNN-WCRSSC model
on the UC-Merced database.
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Table 2. RSSC detection outcomes of LTCNN-WCRSSC on the EuroSAT dataset.

70% TRAPH
Class Acc. Prec. Rec. F1
L-1 96.00 79.17 81.43 80.28

L-2 94.57 69.33 77.61 73.24
L3 97.86 87.67 91.43 89.51
L4 95.29 78.57 75.34 76.92
L-5 94.57 75.34 73.33 74.32
L-6 96.86 82.35 84.85 83.58
L-7 97.00 89.06 80.28 84.44
L-8 94.71 78.87 71.79 75.17
L9 96.29 78.26 83.08 80.60
L-10 95.43 75.38 75.38 75.38
Average 95.86 79.40 79.45 79.35

Table 3. Comparative analysis of LTCNN-WCRSSC on the UC-
Merced database.

Method Accuracy Precision Recall Fi-score
EfficientNet 88.00 88.87 86.25 76.42
MobileNet 93.00 87.67 82.07 84.28
ResNet-50 95.00 86.31 79.44 78.07
ShuffleNet 91.00 78.60 76.36 80.37
TGRRS-DK 89.99 83.74 89.62 87.51
DLB-LULCC 90.25 88.54 80.29 76.86
RSSC-DBOEDL 98.75 82.31 89.68 78.81
LTCNN-WCRSSC 99.09 90.31 90.21 90.13

Table 4. Comparative analysis of LTCNN-WCRSSC on the Eu-
roSAT dataset.

Method Accuracy Precision Recall Fi-score
EfficientNet 85.23 75.52 73.73 82.06
MobileNet 87.52 82.19 77.91 81.48
ResNet-50 90.34 70.33 71.13 75.05
ShuffleNet 88.68 72.63 70.66 77.38
TGRRS-DK 85.12 73.74 82.97 74.68
DLB-LULCC 90.55 74.56 78.55 71.77
RSSC-DBOEDL 95.07 73.18 79.20 82.05
LTCNN-WCRSSC 96.67 83.28 83.09 83.11
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Figure 13. Comparative analysis of the LTCNN-WCRSSC approach
on the EuroSAT database.

6. CONCLUSION

This work designed and developed the LTCNN-WCRSSC
algorithm for efficient remote sensing scene classification
in resource-constrained devices with on-board training capa-
bilities. The method combines median-filter preprocessing,
ConvNeXt-Tiny feature extraction, STA-BiLSTM classifica-
tion, and WCA-based hyperparameter tuning. Experimental
evaluation on benchmark image datasets indicates that the
proposed model achieves superior performance compared

30% TESPH
Class Acc. Prec. Rec. F1
L-1 96.67 81.25 86.67 83.87

L-2 95.00 80.00 72.73 76.19
L-3 97.67 89.66 86.67 88.14
L4 97.33 82.76 88.89 85.71
L-5 96.67 80.00 80.00 80.00
L-6 95.00 77.14 79.41 78.26
L-7 97.00 88.46 79.31 83.64
L-8 97.00 80.95 77.27 79.07
L-9 97.00 86.11 88.57 87.32
L-10 97.33 86.49 91.43 88.89
Average 96.67 83.28 83.09 83.11

with existing approaches. Future work can extend the model
toward stronger real-time deployment, lower memory con-
sumption, and additional remote sensing datasets.
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