
Reviewer 1 

 

Reviewer #1: This study presents a semi-supervised segmentation framework based on 

satellite images and partially labeled data to improve the detection of small and informal 

settlements in Metropolitan Lima, which is often missed by global datasets. Results show that 

the city expanded by about 76 km² between 2016 and 2025, with a significant share of new 

development occurring in areas exposed to tsunami, landslide, and seismic hazards, 

highlighting growing risk in hazard-prone zones. Overall, this study is well-designed and 

comprehensive, and the findings are meaningful for risk-informed and resilient urban 

management. However, I still have several comments and suggestions for improving the 

current work. 

 

Main Reply: 
 

We truly thank the reviewer for the very deep comments provided to us. In the following, we 

address each comment individually. For each reviewer’s remark, we present two sections: (i) 

our response to the comment and (ii) a description of the corresponding modifications made 

to the manuscript. All changes introduced in response to the reviewer’s comments are 

highlighted in blue in the revised manuscript.  

 

Comment 01:  
Lines 17-18: It is suggested to make it clear that the correlation refers to Spearman’s 

correlation coefficient, and present the corresponding p-value that indicates its statistical 

significance. 

 

Answer: 
The information the reviewer is referring to comes from a United Nations Human Settlements 

Programme’s (UN-Habitat) report, which is a policy synthesis report. It summarizes 

relationships, but unfortunately does not present a full statistical methodology. Thus, it does 

not mention whether the correlation is Pearson or Spearman. The correlations are presented 

as descriptive indicators supporting the narrative.  

 

Additionally, we corrected a typo in the originally reported coefficients. The positive correlation 

previously stated as 0.82 has been corrected to 0.42, and the negative correlation previously 

reported as −0.64 has been corrected to −0.53, in accordance with the values presented in 

the source report. 

 

 

Changes in manuscript: 
Lines 17-21 



 
 

 

Comment 02:  
Lines 41-42: What is the difference between the proposed semi-supervised segmentation 

framework and those in the literature? 

 

Answer 
To clarify the contribution of this study with respect to previous semi-supervised segmentation 

approaches, we revised the Introduction section. In the updated manuscript, we now report several 

existing semi-supervised learning strategies. 

 

We clarify that the proposed study does not introduce a new segmentation architecture. Instead, 

the contribution lies in the adaptation and integration of PU-based learning strategies for the 

specific problem of mapping urban growth in Metropolitan Lima.  

 

Unlike several existing semi-supervised segmentation approaches that rely on subsets of images 

with dense pixel-level annotations, the proposed framework exploits partially labeled samples and 

a closed boundary to generate large quantities of non-urban data surrounding the urban fringe. 

Besides, the framework constrains the range of plausible positive prior values using spatial 

information from the study area. 

 

 

 

Changes in manuscript: 
 

Lines 42-56 



 
 

 

Lines 78-83: 

 
 

 

 

 

Comment 03:  
Line 45: “SAR” stands for Synthetic Aperture Radar? It is better to use the full name for its first 

appearance in the manuscript. 

 

Answer 
The reviewer is right, we have written the full term “Synthetic Aperture Radar (SAR)” at its first 

occurrence. 

 

Changes in manuscript: 
Line 58: 

 



 

 

 

Comment 04:  
For figures with maps, it is suggested to add “N” to the north arrow, and add labels and units 

like “longitude (°)” and “latitude (°)” to the axes. 

 

Answer 
We have updated all map figures to include the letter “N”, included coordinates, and specified 

the units in the captions.  

 

Changes in manuscript: 
Figura 01: 

 

 

Figura 07: 



 

Figura 08: 

 

Figura 11: 



 

 

 

 

Comment 05:  
Equation (1): Why does the power number of e include a coefficient of “5”? 

 

Answer 
We included a coefficient of 5 to scale the output of the loss function. Consider the case where 

Bij = -1, and Yij ranges from -1 to 1. Then, the loss: 

 

 
ranges from about 0.27 to 0.73 (See solid blue line in Figure R1). On the other hand, the loss 

 

 
ranges from about 0 to 1 (See dashed orange line in Figure R1). As can be observed, this 

scaling increases the contrast between correctly and incorrectly classified samples.  

 



 
Figure R1.  

 

 

 

Changes in manuscript: 
Lines 117-118: 

 
 

 

 

Comment 06:  
Equations (2) and (6): The right square bracket is missing for the second term (the expected 

loss, E_u) on the right-hand side of the equation. 

 

Answer 
The missing right square bracket in the second term (the expected loss, $E_u$) of Equations 

(2) and (6) has been corrected in the revised manuscript. 

 

Changes in manuscript: 



Equations (2) and (6): 

 

 

 
 

 

 

Comment 07:  
Line 118: Maybe a typo: pi_m should be pi_n? 

 

Answer 
The reviewer is right, it was a typo. It has now been corrected.  

 

Changes in manuscript: 
Line 130: 

 
 

 

 

Comment 08:  
Section 3.1: What is the spatial resolution of the images for deep learning modeling? Would 

this affect the model performance since the resolution of WSF dataset is 10 m? 

 

Answer 
The spatial resolution of the images used for deep learning modeling is 10 m, corresponding 

to Sentinel-2 imagery. Therefore, the input data have the same spatial resolution as the World 

Settlement Footprint (WSF) dataset (10 m), and no spatial resampling or resolution 

harmonization was required. 

 

Because both datasets share the same spatial resolution, model performance is not affected 

by resolution discrepancies between the reference data and the input imagery. 

 

In the revised manuscript, we have clarified the spatial resolution explicitly in the Dataset 

section to avoid ambiguity. 

 

Changes in manuscript: 



Line 154: 

 
 

 

 

Comment 09:  
Line 170 and Figure 6: It is typically expected that the model performance in validation is 

poorer than that in training, but this figure shows that the loss values of the two stages almost 

overlap with each other. It is suggested to randomly split the dataset into training and validation 

to guarantee the model’s robustness. In addition, which set of model weights among the 200 

epochs were chosen for further model comparison? 

 

Answer 
We thank the reviewer for this important observation. 

 

The reviewer is correct that, in most cases, validation loss is expected to be higher than 

training loss. In our study, however, the training and validation datasets were generated from 

randomly extracted image patches within a single Sentinel-2 tile covering Metropolitan Lima. 

Because only about 432 non-overlapping patches of size 512×512 pixels can cover the study 

area, overlapping patches were allowed in order to obtain a sufficiently large number of 

samples (12,000 patches). As a result, some validation patches partially overlap with training 

patches, which explains the similar behavior of the training and validation loss curves shown 

in Figure 6. 

 

To reduce possible confusion, we clarify that the dataset was randomly split into 70% training 

samples and 30% validation samples prior to the iterative calibration process. This information 

has now been explicitly stated in the manuscript. 

 

In addition, the risk function shown in Figure 6 is computed using partially labeled samples 

within the semi-supervised learning framework and therefore does not fully represent the 

model performance over independent reference data. For this reason, an additional evaluation 

was performed using manually interpreted validation samples from Sentinel-2 imagery 

acquired in 2019, which were not used during model calibration. The corresponding 

comparison with the WSF dataset is presented in Figure 7 and Table 2. 

 

Regarding the selection of model weights, the weights obtained at the final training epoch 

were used because both training and validation loss curves reached stable convergence 

without signs of overfitting. This clarification has also been added to the manuscript. 

 

 

 

Changes in manuscript: 
Lines 191-194: 



 

 
 

 

 

Comment 10:  
 

Line 193: It stated that “This result is expected since WSF effectively represents consolidated 

urban zones worldwide”. If that is the case, both the precision and recall evaluation metrics of 

WSF should be higher than those of the proposed framework. 

 

Answer: 
The reviewer is correct that if one method consistently represents consolidated urban areas 

better than another, both precision and recall would typically be higher. In our results, however, 

WSF shows slightly higher recall, while our model shows slightly higher precision in 

consolidated areas (Table 2). The statement in the manuscript was intended to refer to the 

overall performance measured by the F1 score, for which WSF exceeds our model by 

approximately 1%. 

 

To avoid possible ambiguity, the sentence has been revised to clarify that WSF performs 

slightly better overall in consolidated areas in terms of the F1 score, rather than in both 

precision and recall individually. 

 

 

Changes in manuscript: 
Lines 216-217 

 
 

 

 

Comment 11:  
 



Lines 197-199: What are the possible reasons why the performance difference is relatively 

large in these cases? 

 

 

Answer 
The larger performance differences arise from two main factors related to the training data 

and model design. 

 

First, in consolidated urban areas, the proposed approach relies predominantly on positive 

(urban) samples, while the available non-urban samples are limited and mainly correspond to 

parks. In contrast, the WSF model is trained in a fully supervised manner using both urban 

and non-urban samples, which leads to a more complete representation of non-urban classes. 

This explains the higher non-urban recall achieved by WSF in consolidated areas. 

 

Second, in remote areas, the proposed model benefits from the closed-boundary strategy, 

which provides a large number of non-urban samples surrounding the urban fringe. This 

improves the model’s ability to distinguish emerging built-up areas from natural terrain. In 

addition, the model is calibrated using local data from Lima, allowing it to better capture the 

specific spatial patterns of informal and fragmented urban growth. In contrast, WSF is trained 

on global datasets, which may underrepresent these localized patterns. This explains the 

higher urban recall achieved by our model in remote areas. 

 

 

Changes in manuscript: 
Lines 223-227 

 
 

 

 

Comment 12:  
 

Figure 11(a):  It should be noted that the uncertainty in the flood modeling process is not 

negligible. Thus, it is suggested to employ the probabilistic flood inundation maps instead of 

the deterministic maps for the further exposure analysis if possible. Please refer to the paper 

below. 

 

Reference:  

 

“Uncertainty analysis and quantification in flood insurance rate maps using Bayesian model 

averaging and hierarchical BMA” (https://doi.org/10.1061/JHYEFF.HEENG-58) 

 

 

https://doi.org/10.1061/JHYEFF.HEENG-58


Answer 
 

We agree that tsunami inundation modeling involves significant uncertainty, and that 

probabilistic approaches provide a more comprehensive representation of this uncertainty. 

 

In this study, however, we did not perform tsunami simulations. Instead, we used the official 

inundation maps produced by the Directorate of Hydrography and Navigation of the Peruvian 

Navy, which are the standard reference used by national and local authorities for disaster risk 

management and evacuation planning. These maps are generated through numerical 

simulations (e.g., TUNAMI model) that incorporate seismic source scenarios, bathymetry, 

topography, and coastal characteristics. 

 

According to the available technical documentation, the methodology for estimating maximum 

inundation and run-up follows established procedures consistent with IOC/ITSU guidelines, 

including post-tsunami field survey practices. However, detailed information regarding 

uncertainty quantification in these official products is limited. 

 

We acknowledge that deterministic inundation maps do not capture the full range of possible 

tsunami scenarios. To address this point, we have added a discussion in the revised 

manuscript.  

 

 

Changes in manuscript: 
lines 331-338: 

 
 

 

 

Comment 13:  
 



Figure 12: How are the clusters defined and what is “Ha” in the horizontal axis? It is also 

suggested to change the label of the vertical axis in Figures 12(b)-12(d) to the accumulated 

area for the corresponding hazard. 

 

 

Answer 
We thank the reviewer for these helpful comments. The clusters shown in Figure 12 were 
defined based on spatial grouping of contiguous affected areas identified in the exposure 
analysis. Specifically, pixels classified as exposed were aggregated into spatially connected 
components, and each connected component was considered a cluster. This approach 
allows us to analyze the spatial concentration and extent of affected zones. 
Regarding the horizontal axis, “Ha” refers to hectares, which represent the area of each 
cluster. We acknowledge that this abbreviation may not have been sufficiently clear. 
Following the reviewer’s suggestion, we have revised the figure to (i) clarify the definition of 
clusters in the text, (ii) explicitly indicate that “Ha” corresponds to hectares, and (iii) modify 
the vertical axis labels in Figures 12(b)–12(d) to reflect the accumulated area for the 
corresponding hazard, thereby improving clarity and interpretability. 
 
 

Changes in manuscript: 
Figure 12 

 
 



 

 

Comment 14:  
 

Lines 339-340: The statement that “the improved recall in peripheral and remote areas” may 

be true only for the urban area according to Table 2. 

 

 

Answer 

We appreciate this observation. The original statement referring to “improved recall in 
peripheral and remote areas” was not sufficiently precise. As shown in Table 2, the 
improvement is not consistent across all recall metrics. 

What we intended to emphasize is the improvement in the average recall across both urban 
and non-urban areas, as well as the increase in F1-score specifically in peripheral and 
remote regions. This indicates a better overall balance between precision and recall rather 
than a uniform gain in recall alone. 

To address this, we have revised the manuscript to clarify that the improvement pertains 
primarily to the average F1-score, ensuring consistency with the results presented in Table 
2. 

 

Changes in manuscript: 
Lines 374-375: 

 
 


