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Abstract 

Due to climate change increasing rate of 
natural disasters worldwide can be 
observed. These catastrophes are causing 
severe damage to humanity and nature. As 
a result of the disasters, economic losses 
are steadily increasing, and the importance 
of fast and accurate auxiliary tools for 
rescue teams is growing in saving people's 
lives and eliminating financial losses. In 
this regard, by using deep learning 
algorithms, it is possible to assess the 
consequences of any disaster that can 
accurately understand the affected areas. 
Until now, several successful works have 
been done by several researchers. The 
following paper focuses on the experiment 
to enhance PSPNet model results on 
RescueNet datasets, which were collected 
by UAV, by modernizing configurations 
and datasets. 
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1     Introduction 

In recent years, due to drastic changes in the climate 
and some factors, the number of natural disasters 
faced by humanity and nature has increased 
immensely. Many such natural disasters result in 
severe loss of life and economic losses to 
governments. Modern deep learning techniques and 
computer vision models are at the center of attention 
in eliminating losses and financial losses. Semantic 
segmentation is essential for computer vision 
techniques to assist in accurate damage assessment 
and it aims to classify each pixel of an image.  

Datasets for disaster damage assessment can be 
collected from 3 different sources: satellite[1-2], 
social media[3-5], or UAV(Unmanned Aerial 
Vehicle)[6-9]. But UAV datasets [8-9] have some 
advantages for semantic segmentation in post-disaster 
damage assessment compared to satellite datasets: 1) 
Higher Spatial Resolution: UAVs can capture 
imagery at much higher spatial resolutions than 
satellites. This enables a more complete and precise 
investigation of the affected areas, making 
identifying and classifying specific objects or regions 
within the scene easier. 2) Higher Quality Data: UAV 
imagery tends to have higher quality due to its 
proximity to the target area. The images are less 
affected by atmospheric conditions, such as clouds or 
haze, which can degrade satellite imagery. This leads 
to sharper and clearer data, improving semantic 
segmentation accuracy.  

Datasets such as RescueNet[9] and FloodNet[8] are 
recent years' highest resolutions and well-annotated 
datasets. Several experiments with different 
architectures PSPNet[10], DeepLabv3+[12], and 
ENet[13] were conducted on both datasets, and 
research papers with successful results were 
published. However, interestingly, despite using the 
same PSPNet[10] architectures on the two datasets, 
two very different results were generated. Effects 
such as 79.43% (See Table 1.) and 79.69% achieved 
by the PSPNet model on the HRUD[11] dataset, 
which are similar to the RescueNet dataset, and on 
the FloodNet[8] dataset, the possibility to improve 
the PSPNet modeling results for the RescueNet 
dataset motivated us to conduct these experiments. 
During this research, we have focused on the 
investigation to enhance PSPNet model results[9] on 
RescueNet[9] datasets through modernizing 
configurations and datasets. the possibility to 
improve the PSPNet modeling results for the 
RescueNet dataset motivated us to conduct these 
experiments. During this research, we have focused 
on the experiment to enhance PSPNet model results[9] 
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5     Conclusion 

Overall, this study demonstrates the experiment to 
improve PSPNet results on the RescueNet dataset. 
The experiment also involved conducting tests to 
explore the impact of changes in learning rate, 
momentum, and weight decay values. So appropriate 
parameter tuning and sufficient training data led to 
the model's success of 70.58%. The findings provide 
valuable insights for further advancements in 
segmentation network research and applications for 
post-disaster damage assessment activities. 
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