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Abstract: Buildings bear much of the damage from natural disasters, and determining the extent
of this damage is of great importance to post-disaster emergency relief. The application of deep
learning to satellite remote sensing imagery has become more and more mature in monitoring natural
disasters, but there are problems such as the small pixel scale of targets and overlapping targets that
hinder the effectiveness of the model. Based on the SegFormer semantic segmentation model, this
study proposes the SegDetector model for difficult detection of small-scale targets and overlapping
targets in target detection tasks. By changing the calculation method of the loss function, the detection
of overlapping samples is improved and the time-consuming non-maximum-suppression (NMS)
algorithm is discarded, and the horizontal and rotational detection of buildings can be easily and
conveniently implemented. In order to verify the effectiveness of the SegDetector model, the xBD
dataset, which is a dataset for assessing building damage from satellite imagery, was transformed
and tested. The experiment results show that the SegDetector model outperforms the state-of-the-art
(SOTA) models such as you-only-look-once (YOLOv3, v4, v5) in the xBD dataset with F1: 0.71,
Precision: 0.63, and Recall: 0.81. At the same time, the SegDetector model has a small number of
parameters and fast detection capability, making it more practical for deployment.

Keywords: damaged building; small target; overlapping target; target detection; SegDetector

1. Introduction

Natural disasters pose a great threat to the economy as well as to safety, and it is important
to assess damage quickly and accurately in an affected area after a disaster to determine the
impact on property and lives. As buildings are the main places where people live and
are a concentration of population and property, it is especially important to conduct rapid
damage detection of buildings closely related to human life and to identify the hardest-hit
areas in post-disaster emergency relief [1,2]. Remote sensing technology has now become
one of the most popular tools for extracting damaged building information because it is
macroscopic, efficient, and convenient [3]. In particular, with the increasingly high spatial
resolution of remote sensing images, imagery plays a growing role in disaster monitoring and
assessment, including the extraction of damaged buildings [4]. However, the post-disaster
extraction of damaged buildings directly from such images by traditional manual visual
interpretation combined with field investigation is dangerous, time-consuming, and laborious.
It is challenging to meet the high requirements for timeliness in emergency decision-making.
Therefore, rapid and accurate detection of damaged buildings is a great challenge.
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The main methods for detecting buildings and their damages based on remote sensing
images are physical rule-based methods and deep learning methods [5]. Physical rule-
based methods generally perform image segmentation based on edges, thresholds, regions,
etc. [6], and they are often effective in practical applications, mainly because the features
of buildings are affected by different sensors and factors such as weather and lighting.
Image semantic segmentation has entered a new period of development with the rapid
advancement of deep learning image processing, and the use of remote sensing images has
also made great breakthroughs in natural disaster detection. Ding et al. [7], based on the
faster region-based convolutional neural network (Faster R-CNN) algorithm, proposed the
use of deformable convolution to improve the adaptation to irregularly shaped collapsed
buildings and proposed a new method to estimate the object intersection ratio (IPO) to
describe the degree of intersection of bounding boxes for better detection accuracy and
recall. Bai et al. [8], based on the Faster R-CNN algorithm, combined the dense residual
network and region of interest align to solve the problem of building location mismatch.
Liu et al. [9], based on CNN, used a Gaussian pyramid technique to build a generative
model with multi-level training samples. The technique was robust to different spatial
textures and different types of buildings, and the final building detection was achieved by
the proposed network of building regions.

Identifying damaged buildings after a disaster consists of two main steps: locating the
building and classifying the building damage. If the information about the location of the
building is known, then it is straightforward to achieve disaster classification for buildings
in known locations [10]. However, information about the building is not usually known
when disaster detection is carried out, so achieving accurate positioning of the building is a
very important step. Usually, in target detection algorithms, the localization of the target
location is implemented first, and then the classification of the target is performed. For
the xBD dataset, buildings are mainly classified into five categories: no-damage, minor-
damage, major-damage, destroyed, and un-classified, while the detailed damage levels of
buildings are difficult to distinguish due to the small percentage of pixel areas. In this study,
we propose a target detection model that can achieve efficient localization of buildings
and building damage from two perspectives: the localization problem of buildings after a
disaster and the damaged-or-not state of buildings after a disaster.

Deep learning-based target detection algorithms are divided into two main categories:
one-stage and two-stage. The two-stage algorithms are mainly represented by Faster R-
CNN [11], Mask R-CNN [12], and Cascade R-CNN [13], which usually have strong, robust
performance and good detection, but the detection speed is slow and it is difficult to achieve
the requirement of real-time detection. The main representative models in one-stage are
the YOLO series (YOLOv3 [14], YOLOv4 [15], YOLOv6 [16], YOLOv7 [17], YOLOF [18],
YOLOX [19], etc.), SSD series (SSD [20], FSSD [21], etc.), and FCOS [22]. They usually have
a fast detection speed and can meet real-time detection requirements. Due to the lower cost
and higher significance of one-stage algorithms, there is more research related to one-stage
algorithms, and some one-stage models (YOLOX, YOLOv6, YOLOv7, etc.) can outperform
even two-stage models in detection effectiveness at present. For building damage detection
and related rescue measures, finding the location of the disaster requires high speed; the
faster the location of the disaster can be determined, the faster the rescue work can be
conducted. Therefore, fast and accurate detection of the location of an affected building
is of great significance to post-disaster rescue work. Many state-of-the-art (SOTA) target
detection algorithms are optimized and validated mainly for MS COCO [23], PASCAL
VOC [24], and other datasets, and there are still many shortcomings in improving the
detection of dense, small targets in remote sensing images. The main reasons are as follows.
(a) SOTA models such as YOLOv4, YOLOv6, YOLOv7, etc. use three downsamplings to
1/32, 1/16, and 1/8 of the original image resolution for predicting large, medium, and small
targets, respectively, causing the target location information to be lost with the network
downsamplings. (b) In the process of assigning positive and negative samples in the target
detection algorithm, targets that are too small are not easily matched with positive samples,



Remote Sens. 2022, 14, 6136 3 of 23

which in turn makes it difficult to optimize the detection of small targets. (c) Usually, the
pre-defined anchor scale of an anchor-based detection algorithm is not suited to calibrating
small targets. There are more reasons why commonly used target detection models end up
with poor detection results for small targets, and conventional target detection algorithms
usually use NMS [25], Soft-NMS [26], etc. to process the final prediction results of the model
and then get the final detection frame of the model, which will affect the computational
speed of the final model for practical applications.

In order to solve the shortcomings of the above commonly used target detection
algorithms for small target detection in remote sensing image data, this study proposes
a SegDetector target detection model based on the idea of semantic segmentation [27,28].
The main contributions are as follows:

(1) This study proposes a full-resolution semantic segmentation-based target detection
model, SegDetector, which has better detection performance for small targets. At the
same time, SegDetector avoids the use of NMS and thus increases the speed of detection.

(2) To improve the detection of small or overlapping targets, the SegDetector calculates
binary cross-entropy loss for different categories of foreground and background to
improve the detection performance of overlapping targets.

(3) The SegDetector model can perform rotation detection of targets for more accurate lo-
calization without retraining the model and without increasing the model complexity.

2. Data and Methods
2.1. Data Collection

In order to verify the effectiveness and generalization performance of the method
proposed in this study, several methods were tested and the results were compared to the
xBD dataset [29]. The xBD dataset is from the xView 2 challenge (https://xview2.org/
dataset) (accessed on 10 August 2022). It contains 850,736 annotated buildings and covers
45,362 km2 of satellite imagery. For the training model, there were 9168 pre- or post-disaster
1024 × 1024 high-resolution color images that captured 19 natural disasters of six different
types from around the world; these include hurricanes, floods, earthquakes, wildfires,
tsunamis, and volcanic eruptions [10]. Based on the joint damage scale (JDS) of EMS-98,
each building was assigned a class label of no damage, minor damage, major damage,
destroyed, or unclassified in the post-disaster images [30]. This dataset contains neither
structural building information nor hazard indicators such as flood levels or peak ground
acceleration (PGA) [31]. Figure 1 shows an example of pre- and post-event images of a
volcanic eruption.

This study focuses on the difficulty of detecting small, dense buildings in post-disaster
remote sensing images to propose a detection model for accurate localization and classifica-
tion; therefore, the datasets from two time periods were combined to obtain the training
set, validation set, and test set data used for segmentation, localization, and classification
in the later stage.

2.2. SegFormer Model

The SegFormer semantic segmentation model consists of two main parts: (1) a
transformer-based hierarchical encoder [32,33], and (2) a decoder based on the MLP com-
position. SegFormer uses the encoder to extract features from the input image and fuses
high-level semantic information and low-level feature information on the multi-stage out-
put of the encoder, and uses the encoder to achieve pixel-by-pixel classification [34]. Its
structure is simple and clear, and has low computational complexity.

https://xview2.org/dataset
https://xview2.org/dataset
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Figure 1. Example from the xBD dataset showing satellite images before and after a volcanic eruption
disaster. (a) shows satellite imagery of buildings before the eruption and (b) shows satellite imagery
of buildings destroyed after the eruption.

2.2.1. Data Processing

In the data enhancement, (1) a ratio of 0.5–2.0 was used to randomly adjust the images,
and (2) the images were randomly flipped, including horizontal flipping and vertical
flipping, because the dataset used in this study is different from Cityscapes and ADE20K,
etc. [35], which mainly contain images from real-life scenes. The xBD dataset consists
of remotely sensed images, and the vertically flipped images also conform to regular
image patterns. (3) The images were cropped and normalized to a pixel resolution of
640 × 640. Vision transformer (ViT) was used to slice the image into 16 × 16 patches after
data enhancement [32], and SegFormer was used to slice the image into 4 × 4 patches, and
then encoder was used for image feature extraction.

2.2.2. Encoder

The hierarchical transformer structure is mainly used in the encoder of the SegFormer
network, which uses a new, more efficient self-attention layer compared to the original
self-attention layer. The self-attention layer uses Q, K, and V as inputs, and their input
dimensions are all N× C, where N = H×W, C is the number of channels, and H and W are
the length and width of the input feature maps. The original self-attention can be simplified
to Equation (1), where Wq

j , Wk
j , Wv

j ∈ RC×C, and dk take the value of C for preventing the

inner product of Q and KT from being too large.

Attention(Q, K, V) = So f tmax

QWq
j

(
KWw

j

)T

√
dk

VWv
j (1)

So f tmax(X) =
exi

∑
len(X)
i=1 exi

(2)
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Softmax is used to normalize QKT according to the second dimension, which is used
to perceive the existence of a link between two pixels, introducing global perceptual
attention to the overall model, and thus capturing more global attention compared to a
fully CNN-based model. To simplify the large amount of computation undertaken by
self-attention in the model, SegFormer uses a modified self-attention layer by introducing
the spatial reduction calculation [36] to compress the dimensions of Q and K to reduce the
computation introduced by self-attention, as shown in Equation (3), where Reshape(x, r)
is a dimensional conversion of dimension HW × C to N

r2 ×
(
Cr2), W ∈ RCr2×C, Norm

represents normalization, and C represents the number of categories.

SR(x) = Norm(Reshape(x, r)W) (3)

Attention(Q, K, V) = So f tmax
(

SR(Q)SR(K)T
√

dk

)
SR(V) (4)

So f tmax(xi) =
exi

∑C+1
k=1 exk

(5)

The introduction of the scaling factor r reduces the overall time complexity of self-
attention from O

(
N2) to O

(
N2

r

)
, and also reduces the overall SegFormer model by a

significant amount of computational cost. In particular, the computational speed advantage
of the improved self-attention is more obvious when the input scale of the model is large,
as shown in Figure 2.
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multi-head attention with spatial reduction of transformer).

2.2.3. Decoder

The SegFormer model was used in the design of the decoder process to avoid intro-
ducing a large amount of computation and complex structure. A linear layer was used to
consistently adjust the dimensionality of the output at multiple encoder stages, and the
input dimension was upsampled to 1/4 through the channel for stitching, so as to ensure
that the output of the decoder contains both rich high-level semantic information and
low-level feature information. The feature maps of the stitched channels were calculated
using a linear layer and the final output was obtained.

2.2.4. Loss

SegFormer does not introduce auxiliary losses or category balancing losses such as
focal loss, but uses a simple cross entropy to achieve the final pixel-by-pixel classification
task with the following formula, where C represents the number of categories, yi represents
the true label, and pi represents the prediction result after using Softmax.
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CE(y, p) = −
C+1

∑
i=1

yi log(pi) (6)

2.3. SegFormer-Based Detection Model SegDetector

The SegFormer model can achieve a finer classification pixel by pixel compared to
commonly used target detection algorithms, so it is largely more capable of perceiving
small targets in the input image. In order to use the SegFormer model for target detection,
this study made the following improvements.

2.3.1. Enhance Detection of Overlapping Targets

The major objective of this study was to use semantic segmentation to accomplish the
target detection task in order to solve the problems of small target scale and difficult detec-
tion. It can be observed from Figure 3 that when two different categories of targets overlap,
the category judgment of the overlap area will affect the final target frame delineation.
Thus, an image having two different classes of targets in it introduces some ambiguity in
the overlapping regions in the final predicted results.
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Figure 3. Change of detection frame in the case of target occlusion and non-occlusion. (a) indicates
the blue object is occluded and (b) indicates the blue object is not occluded.

To further achieve efficient detection, a binary cross-entropy loss function is used in
the SegDetector model. For overlapping targets, binary cross-entropy loss is run for each
category to be detected and for the background. After obtaining the final output of the
decoded model, the prediction frame generation for different categories can be performed
according to each of its channels. In contrast, the use of a CE loss function does not allow
better detection of different classes of targets.

BCE(y, p) =
C

∑
i=1
−(yi log(pi) + (1− yi) log(1− pi)) (7)

By delineating the target positions of two adjacent targets of different categories in
different channels, as illustrated in Figure 4, to some extent, the ambiguity arising from the
prediction of overlapping regions is reduced, resulting in better pixel classification.

As shown in Figure 5, there is a place where the major-damage and no-damage build-
ings are close to each other, and the SegFormer model has difficulty correctly predicting
the pixel categories at the adjacent locations, which can easily cause misclassification of
both major-damage and no-damage categories. The use of the improved BCE loss allows
binary prediction in different channels for major-damage and no-damage, respectively, and
the background. That is, different classes of pixels at the same position can be judged at
different channels, and finally the final target frame is circled according to the binarized
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image of each channel. Even if there is a slight overlap between the two targets, they can
be successfully identified separately.
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2.3.2. Implementation of Target Detection Function

To implement target detection based on the semantic segmentation model, the output
of the model obtained after Sigmoid calculation was binarized according to each channel.
The threshold value µ was set to 1 when the number in each matrix of each channel data
was greater than µ, and 0 when the opposite was true. The obtained binarized image with
1 indicates the target pixel, which corresponds to different categories according to different
channels. Overall, SegDetector binarizes the equal resolution output obtained from the
network prediction to obtain the horizontal detection frame, as shown in Figure 5, which
is mainly divided into three steps: (1) calculate the output of the semantic segmentation,
where different category targets are detected by different channels due to the BCE loss
calculated separately for each category (channel) and background, (2) apply a binarization
operation with a threshold of 0.5 for each channel, and (3) use the OpenCV tool to calculate
the position of the horizontal detection frame from the binarization results.

In order to implement SegDetector for the target location using rectangular frame
delineation, a different conventional target detection algorithm using non-maximum sup-
pression (NMS), Soft NMS, etc. was chosen to eliminate the low-confidence and overlapping
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target frames. In this study, for each channel output after binarization, we used OpenCV to
calculate the positions of the top-left and bottom-left corners of the target region. Because
the numbers in each channel of the binarization output were expressed as foreground
probabilities, calculating the top-left and bottom-right positions of target boxes based on
the channels helped detect different classes of overlapping targets. In this process, a priori
knowledge can be introduced. For example, we observed that there were no targets with
less than a 20-pixel area in the dataset used in this study, so we considered the targets with
pixel area less than 20 as FP rejects after calculating them in order to improve precision.

As shown in Figure 6, the target frame can be delineated by calculating the top-left
and bottom-right positions of the target area, and the target detection function is completed
based on the semantic segmentation model. Conventional target detection models, such
as SOTA models YOLOv3, YOLOv4, and YOLOX, extract features from the input image
and downsample them to 1/8, 1/16, and 1/32 resolutions, and use three detection heads
to detect small, medium, and large targets, respectively. The semantic segmentation
models are different from SOTA models such as SegFormer and FCN, whose output is
the resolution of the input image. Therefore, compared with conventional target detection
algorithms, target detection based on semantic segmentation models has the inherent
ability to recognize small targets. In this study, we calculated the BCE loss separately for
each detection category and background, and delineated different category target locations
based on each channel, which also improved the model’s recognition of dense, overlapping
targets to some extent.
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Rotating target detection is now a popular research direction in target detection. It
can delineate a more accurate target range compared to horizontal target detection, and
is usually implemented by adding the prediction of rotation angle to the conventional
target prediction of x, y, w, h. This, however, further deepens the difficulty of model
implementation. The SegDetector model proposed in this study can be modified by the way
the target frame is delineated, and the rotating target detection function can be implemented
quickly and easily. After obtaining the semantic segmentation output, the image is binarized
and the smallest outer rectangle is found based on each channel, as shown in Figure 7.
Compared to horizontal target detection, it can be observed by comparing the two images in
Figures 6 and 7 that rotating target detection can be more accurate in delineating the target
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position. The complexity of the rotating target detection implementation is comparable to
that of the horizontal target detection implementation.
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3. Experiments and Results Analysis
3.1. Experimental Parameters

This implementation uses the Ubuntu 18.04 operating system, Python language, and
the PyTorch1.71 (Facebook AI Research, New York, NY, USA) deep-learning framework,
CUDA version 11.1. The CPU is a 12th Gen Intel(R) Core(TM) i7-12700KF, and the GPU is
an NVIDIA GeForce RTX 3090. All training epochs are 100 and divided into two phases. In
the first phase, the batch size is 16, the initial learning rate is 0.001, and the learning rate is
updated every epoch using a decay rate of 0.92; in the second phase, the batch size is 8, the
initial learning rate is 0.0001, and the learning rate is updated every epoch using the same
decay rate of 0.92. The detailed hyperparameters are shown in Table 1.

Table 1. Main hyperparameters used for SegDetector training and testing.

Hyperparameter Range

Input size 640 × 640
Activation ReLU
Optimizer AdamW

Loss Function Binary cross entropy
Dropout 0.2

IOU Threshold 0.5
Score Threshold 0.5
Hyperparameter Range

Input size 640 × 640
Activation ReLU

3.2. Experimental Evaluation Indexes

In order to evaluate the effectiveness of building damage detection from a compre-
hensive perspective, mean pixel accuracy (MPA), mean intersection over union (MIoU),
F1, Precision, and Recall were selected as the main evaluation indexes in this study. P is a
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combination of Precision and Recall to evaluate the effectiveness of the model, and MIoU
calculates the accuracy for each pixel point of the output result, category by category.

Accuracy is the proportion of a category being correctly predicted to the number
of predicted outcomes in that category, Equation (8). Recall rate is the proportion of a
category being correctly predicted to the true number of that category, Equation (9). F1 is
the combined evaluation of Precision and Recall, where TP refers to a positive case of correct
prediction, FP refers to a positive case of incorrect prediction, and FN refers to a negative
case of incorrect prediction.

Precision =
TP

TP + FP
(8)

Recall =
TP

TP + FN
(9)

F1 =
2× Precision× Recall

Precision + Recall
(10)

PA can be used to evaluate the proportion of correctly predicted pixels to the total
pixels, Equation (11), pij is the number of targets of category i predicted to be targets of
category j, and k is the number of categories.

PA =
∑k

i=0 pii

∑k
i=0 ∑k

j=0 pij
(11)

MPA is used to measure the proportion of pixels in each category that are correctly
predicted on average, Equation (12).

MPA =
1

k + 1

k

∑
i=0

pii

∑k
j=0 pij

(12)

MIOU is a classical measure of semantic segmentation, which is calculated as in
Equation (13), where K represents the number of categories and pij can be interpreted as
the number of targets of category i predicted to be targets of category j, Equation (13).

MIOU =
1

K + 1

K

∑
i=0

pii

∑K
j=0 pij + ∑K

j=0 pji − pii
(13)

3.3. Evaluation of Experimental Effects

The xBD dataset is mainly applied to building damage detection, and the damaged
buildings were located in the imagery by comparing remote sensing images of two different
time periods. This study proposes a model for locating and classifying the damaged
buildings based on xBD, and proposes a model for locating small targets and overlapping
targets in remote sensing images.

The loss part was modified based on SegFormer, modifying the original CE loss
to BCE loss. To demonstrate the effectiveness of the modified SegFormer, Table 2 com-
pares and analyzes SegFormer and the modified SegFormer from all categories using five
evaluation indexes: MIOU, MPA, Precision, Recall, and F1. Compared with the original
SegFormer model, the results of Improved-SegFormer had a small improvement, and the
computational speed and model complexity were comparable in the actual testing process.
Therefore, the segmentation effect has not been significantly improved, but the main role is
reflected in the prediction of the final detection frame of SegDetector.

Differentiation between minor damage, major damage, and damage was poor, so minor
damage, major damage, destroyed, and unclassified were combined into a single damage
class in order to differentiate the damage to buildings after the disaster and to facilitate specific
relief work in the future. the relevant evaluation indicators under the three categories of no
building, no damage, and damage were calculated, as shown in Table 3.
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Table 2. Relevant evaluation indexes of SegFormer and Improved-SegFormer.

Model MIOU MPA Precision Recall F1

DDRNet 0.497 0.563 0.687 0.574 0.625
SeMask 0.511 0.591 0.719 0.586 0.646

SegFormer 0.502 0.582 0.700 0.582 0.636
Improved-SegFormer 0.514 0.586 0.724 0.586 0.648

Table 3. Relevant evaluation indexes of SegFormer and Improved-SegFormer on building damage.

Model IOUNo Building IOUNo Damage IOUDamage MIOU MPA Precision Recall F1

DDRNet 0.961 0.581 0.439 0.660 0.735 0.811 0.734 0.770
SeMask 0.962 0.587 0.446 0.665 0.756 0.819 0.743 0.779

SegFormer 0.961 0.583 0.443 0.662 0.742 0.819 0.737 0.776
Improved-SegFormer 0.962 0.587 0.451 0.666 0.753 0.821 0.742 0.781

Referring to the experiment results of Bai et al. [10] and comparing them, the six
categories of no building, no damage, minor damage, major damage, destroyed, and
unclassified in the dataset were combined to obtain two categories of no building and
building. No building indicates a background target and building indicates a foreground
target, including no damage, minor damage, major damage, destroyed, and unclassified.
The obtained evaluation indexes are shown in Table 4.

Table 4. The data categories were combined to obtain the relevant evaluation indexes for both No
Building and Building categories.

Model IOUNo Building IOUBuilding MIOU MPA Precision Recall F1

PPM-Net [10] 0.918 0.473 0.696 - - - 0.777
DDRNet 0.944 0.573 0.759 0.835 0.866 0.841 0.853
SeMask 0.967 0.588 0.778 0.847 0.880 0.837 0.858

SegFormer 0.942 0.581 0.762 0.832 0.871 0.839 0.854
Improved-SegFormer 0.960 0.591 0.773 0.844 0.878 0.844 0.861

The way that SegDetector generates prediction results is different from the commonly
used models such as YOLOv3, YOLOv4, and YOLOX in which the position and size of the
target are predicted first before using NMS to screen out redundant frames, so in this study,
three indexes, Precision, Recall, and F1, were selected in order to facilitate an objective
comparison of the detection effectiveness of SegDetector and YOLOv3, YOLOv4, and
YOLOX in a unified manner. It should be noted that Tables 2–4 show the Precision, Recall,
and F1 of SegFormer for pixel classification, while Table 5 shows the predicted Precision,
Recall, and F1 of SegDetector built on SegFormer for the target frame.

Table 5. Evaluation indexes of models such as SegDetector and YOLOX.

Recall Precision F1 FPS Param/M

YOLOv3 0.15 0.60 0.24 65 61.6
YOLOv4 0.53 0.43 0.47 62 64.2

CenterNet2 0.51 0.56 0.53 89 19.9
Faster R-CNN 0.67 0.48 0.56 28 137.2

YOLOX 0.62 0.51 0.56 116 9.0
SegDetector 0.81 0.63 0.71 102 3.8

It can be clearly observed that the degree of confidence is 0.5, the proposed SegDetector
model outperforms the YOLOv3, YOLOv4, and YOLOX models in all three indexes of
Precision, Recall, and F1, and its model has the smallest number of parameters, which is
largely more conducive to practical application deployment. Although SegDetector is slightly



Remote Sens. 2022, 14, 6136 12 of 23

slower than the YOLOX model, its detection speed is still better than YOLOv3 and YOLOv4,
and SegDetector’s detection speed also meets the requirement of real-time detection.

The YOLOX model with the best results among the comparison models and Faster
R-CNN were selected for visual comparison with the horizontal and rotational detection
generated by SegDetector, as shown in Figure 8. Theoretically benefiting from its high-
resolution output results, SegDetector is better at detecting small, overlapping targets
compared to the prediction results of models such as YOLOX. It can also be clearly observed
that compared to the YOLOX model, SegDetector’s horizontal detection is better for small,
visually insignificant targets in the edge region. In practical applications, remote sensing
images of the monitored area can be captured by satellite and computer, and real-time
detection of damaged buildings can be carried out for follow-up tasks, such as disaster
rescue [37,38]. Moreover, SegDetector can easily generate rotation detection frames with
higher accuracy.
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4. Discussion

Based on semantic segmentation, an important advantage of the target detection
function over conventional target detection algorithms is that the location of small targets
can be effectively identified [39]. As can be observed in Figure 9, after the original resolution
image has been downsampled by 8× or 16×, it is already difficult for the human visual
system to observe small targets in the image. Similar problems exist in computer vision [40],
but the SegDetector model proposed in this study maintains a consistent resolution between
input and output, which facilitates the detection of small targets to a large extent compared
to YOLO, SSD, RetinaNet [41], CenterNet [42], etc. In particular, the detection of adjacent
small targets of the same category can be easily caused by the use of the NMS algorithm in
algorithms such as YOLO, which can lead to missed detection. Similarly, for overlapping
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target detection, SegDetector can largely solve the impact caused by target overlap by
maintaining the same resolution as the input. Therefore, this study proposes the use of
a semantic segmentation model to implement the target detection function to a certain
extent to solve the problem of difficult detection of small, overlapping targets. At the same
time there exist detection models based on semantic segmentation models that still have
difficulty achieving the prediction of the obscured part of the target, mainly limited by
the fact that the label of the image contains only one category at each pixel point. In this
case, however, sub-channeling uses BCE loss and generates the final prediction to solve the
misclassification of adjacent pixels from the perspective of a priori knowledge.
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Commonly used target detection algorithms such as YOLOX are based on the feature
map obtained from the final prediction, according to the location of the grid for post-
processing to achieve target detection. From the process of downsampling in Figure 9,
it can be roughly observed that small targets will be detected as the area corresponding
to the network calculation becomes smaller and smaller, resulting in the loss of location
information, which in turn leads to poor detection of small targets. In SegDetector, the
original image resolution is encoded and decoded, and the result obtained from the network
calculation is of equal resolution to the original image, so the original position information
of the target is retained to a large extent, and thus better results can be obtained in small
target detection. From the test set dataset, one image was selected for prediction using
YOLOX and SegDetector, as shown in Figure 10, and it can be clearly observed that
SegDetector has better detection for small targets. Since the xBD dataset still contains
a large number of small targets, the overall recall of SegDetector is higher compared to
commonly used SOTA target detection algorithms such as YOLOX.

Convolutional neural networks are usually understood to have better local information
extraction. In comparison, TransFormer-based networks are usually understood to have
better global information extraction, and convolutional structures are usually computed
for a feature map. In the process, an effective sensory field will be gathered to a certain
extent in the middle of the feature map, and convolutional structures will use padding
calculation for the edges of the convolutional kernel, resulting in poor results for edge
detection. SegDetector mainly uses the structure based on TransFormer, so it can better
handle the image edge information, and realize the equal resolution output also to a certain
extent to improve the processing ability of the model edge information. From the test
dataset, an image was selected for prediction using YOLOX and SegDetector, as shown
in Figure 11. It can be observed that the SegDetector detection algorithm, which uses
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pixel-by-pixel classification to determine the target location, is not only better for detecting
small targets in the image, but also for detecting buildings at the edges of the image.
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Since SegDetector is mainly based on the semantic segmentation idea, the position of
the detection frame is calculated for the output of equal resolution, but the segmentation
performance is often poor at the edges. It can be observed from Figure 12 that the SegDe-
tector model is better overall for detecting small targets and edge region targets compared
to the YOLOX model, which can successfully detect buildings with small pixel areas in
the image, and the SegDetector will result in a dense number of small targets of the same
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class being identified as one large target. However, usually in the actual application of
disaster relief, the rapid and accurate detection of affected buildings is more important,
while details of the impact of the disaster are less relevant to immediate disaster relief work.
Appendix A is for comparison.
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5. Conclusions

In order to alleviate the difficulty of detecting small-scale and partially overlapping
damaged buildings in remote sensing images, this study proposes a new target detection
algorithm, SegDetector, based on the SegFormer semantic segmentation model. SegDetector
achieves full-resolution output to improve the detection performance of small-scale targets
and enhances the detection performance of overlapping targets by using BCE loss. It was
experimentally demonstrated that SegDetector achieves F1: 0.71, Precision: 0.63, and Recall:
0.81 in xBD data, outperforming models such as YOLOX, Faster R-CNN, and CenterNet2.
Furthermore, SegDetector can achieve rotation detection of targets without introducing
additional parameters and without retraining the model.

SegDetector has 42% of the number of parameters of YOLOX, which is a high-speed
and lightweight detection model. At the same time, SegDetector does not require com-
plex NMS calculations, so the detection is faster compared to CenterNet2, YOLOv3, and
YOLOv4, making it more meaningful for actual deployment. SegDetector can be used
to achieve better performance in the actual detection of damaged buildings and is more
valuable for disaster relief tasks because it is better, and computationally faster, at detecting
small-scale targets and overlapping targets.
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