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Abstract
Detection of ponding levels timely and accurately during urban �oods is the basis of effective disaster
prevention and mitigation. New data sources such as social media and road surveillance video record the
process of urban �oods in the form of images, and the development of computer vision technology bring
new opportunities for extracting ponding information from these image data. This study proposes a
computer vision-based method to identify the spatial-temporal distribution of ponding levels in the scene
of the road surveillance video. Firstly, a dataset of sedan images compiled from three sources was
collected to train an object detection algorithm, You Only Look Once vision 3 (YoloV3). Then the trained
YoloV3 model was adopted to identify the ponding levels whenever and wherever sedans were detected
from the videos. Secondly, the outlier detection was employed to detect and delete the outliers of ponding
levels in each time step. Finally, Inverse Distance Weighted was leveraged to estimate the ponding
distribution in the scene. This method was employed for two urban �ood events at a street crossing,
Dongguan Street, in Dalian, China. The evaluation index mAP of the trained YoloV3 model reached 78%,
which stated the model’s validity. The ponding level estimated by our method was validated well with the
submerged depth of a static reference, and ponding process had a strong correlation with the rainfall
time series. The results can be used to analyze the process of �ood rising and receding, which contributes
to arrange drainage facilities and improve urban �ood management.

1 Introduction
In the process of rapid urbanization, the underlying conditions of the city have undergone great changes,
causing larger and faster hydrological responses (Wang et al. 2020). Moreover, extreme rainfall events
triggered by global warming (Tabari 2020) have made several cities around globe suffer from severe
urban �oods frequently (Wu et al. 2020). According to the SHELDUS ( https://cemhs.asu.edu/sheldus )
database, from 1960 to 2016, direct property losses caused by �oods in urban areas amounted to $107.8
billion, affecting 20141 urban counties in the U.S. What makes this problem more complicated is that
�ood will move and ponding level will change over time (Alizadeh Kharazi and Behzadan 2021).
Therefore, real-time dynamic ponding levels monitoring during urban �oods is urgently needed, which is
essential for emergency managers to prioritize relief efforts and plan effective disaster prevention and
mitigation measures (Rosser et al. 2017).

Traditionally, the most common methods for monitoring urban �ood information are instrumental
measurement and remote sensing. The instrument measurement method is measured by various sensors
with different principles, which is convenient, fast, and high precision (Huang and Shu 2016). And the
disadvantage of this method is that almost no sensors are distributed on streets dedicated to urban �ood
monitoring (Wang et al. 2018) because of the high cost and susceptibility to external interference. As for
remote sensing, it has greater space scales than other methods (Joint and Groom 2000). The obvious
disadvantage is that the data obtained from remote sensing tends to have low spatial and temporal
resolution (Rosser et al. 2017), which does not match the highly heterogeneous urban underlying surface
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condition (Wang et al. 2017). Recently, researchers have been �nding an e�cient and low-cost monitoring
method to meet data accuracy requirements.

With the continuous development of information technology, the construction of “smart city” (Batty et al.
2012) has emerged. Big data is a crucial technology for supporting the realization of “smart” in all �elds
of smart cities (Lim et al. 2018; Bibri 2018). Attributed to the arrival of the big data era, data sources have
been greatly expanded. Researchers and practitioners have begun to focus on various new data sources,
such as surveillance video, social media, and applications, which create a new opportunity to collect a
large amount of informative image data (Witherow et al. 2019).

Surveillance video and social media record the process of urban pluvial �oods in the form of images. The
application of images, usually georeferenced, time-stamped, and cost-effective, obtained by these two
new data sources in monitoring urban �oods has received more and more attention. For example,
(Alizadeh Kharazi and Behzadan 2021) presented a deep neural network approach to estimate ponding
areas from street photos. (Liu et al. 2015) manually read ponding levels from surveillance videos.

Computer vision, de�ned as a �eld of study that seeks to develop techniques to help computers “see” and
understand the content of digital images such as photographs and videos, is signi�cant technical
support for realizing the application of extracting �ood information from images. Computer vision is
divided into �ve categories: image classi�cation, object detection, target tracking, semantic segmentation,
and instance segmentation (Li et al. 2020). This technology has derived many fast-growing, practical
applications, such as face recognition (Sinha et al. 2006), image retrieval (Paulin et al. 2015), computer
games (Hämäläinen and Höysniemi 2003), biological recognition technology (Fada et al. 2017), smart
cars (Luu et al. 2019), etc.

There have been preliminary applications of computer vision in obtaining urban �ood information, and
they can be classi�ed into two topics: extracting ponding areas and estimating ponding levels. For the
former, (Witherow et al. 2019) proposed an image processing pipeline for detecting ponding areas on
inundated roadways by registering the pair images. And (Jafari et al. 2021) leveraged object-based image
analysis (OBIA) to identify ponding areas from images, and the author introduced temporal smoothness
to re�ne the segmentation.

Considering about estimating ponding levels, two kinds of computer vision techniques have been used
widely. The �rst kind depends on the characteristics of the image itself to identify the ponding levels
using image processing algorithms. For example, (Yu and Hahn 2010) proposed a difference image-
based ponding levels measurement using sparsely sampled images in time domain, which references an
indicator (an invariant feature in the image) to identify ponding levels. (Sakaino 2016) developed a two-
step histogram-based method to estimate ponding levels by supervising the region of interest (ROI) from
consecutive frame images. This kind of methods requires high resolution images, where obvious water
surface lines can be seen, and the reliability of estimating results may be reduced in complex and noisy
scenes.
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Another kind of methods is to leverage computer vision to detect reference objects in the image to
identify the ponding levels indirectly. For example, (Jiang et al. 2019) employed Convolutional Neural
Network (CNN) to automatically detect the reference object (tra�c bucket) in �ooding and non-�ooding
images, and the bounding box height difference of these two period images is utilized to estimate
ponding levels. A similar approach was used by (Alizadeh Kharazi and Behzadan 2021), but the author
developed a title correct technique to correct the error caused by the inclination of the reference objects.
Some researchers tried to estimate ponding levels based on dynamic reference objects existing more
widely in the scene, and they predicted a grade data of ponding levels rather than a speci�c value. For
example, (Feng et al. 2020) leveraged Mask R-CNN combined with body keypoint detection to divide the
ponding levels into �ve ranks. While (Chaudhary et al. 2019) improved Mask R-CNN by adding a level
layer to predict ponding levels of �ve objects directly.

Overall, the current research primarily estimates the ponding level at a single point or the ponding area
with its boundaries in the image, however, has not yet monitored the ponding distribution in the scene of
the image during urban �oods. It would be possible to obtain the ponding distribution by taking
advantage of dynamic reference objects that can dynamically cover the whole scene. Estimating the
spatial-temporal ponding distribution may have following contributions. Firstly, information assimilation
can reduce the uncertainty caused by single-point information, which could improve the accuracy of
predicted ponding levels in the scene. Secondly, by analyzing the difference of ponding levels at different
points can give a better understanding on where the urban ponding is serious and how the �ooding
process is developed, which is conducive to the arrangement of drainage facilities and effective disaster
prevention and mitigation.

This study aims to obtain the overall spatial-temporal urban ponding distribution from surveillance
videos with the help of computer vision technique. The proposed method makes full use of the dynamic
movement characteristic of the dynamic reference object. The remainder of this paper is organized as
follows: Section 2 introduces the study area and data collected; Section 3 describes the method
proposed, including ponding levels identi�cation, outlier detection, and ponding distribution
determination; Section 4 shows the evaluation results of trained object detection model and the
estimated ponding distribution map in two cases; Section 5 mainly discusses the �ndings and
limitations; and the conclusion is given in Section 6.

2 Study Area And Data

2.1 Study area
In order to study the spatial-temporal distribution of ponding levels in urban street scenes, we selected
Dongguan Street in Dalian, China, as the experimental site (Fig. 1). The central city of Dalian, located at
the southernmost tip of the Liaodong Peninsula in China, is an essential coastal port city in Liaoning
Province, China. Due to the northward typhoon or strong convective weather, Dalian is prone to �ood
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disasters from July to August. And Dongguan Street is one of the waterlogging prone points mentioned in
the Dalian Planning Report.

Place Fig. 1 here

2.2 Data
A video data set from the tra�c management department on Dongguan Street was collected to estimate
the image-based ponding levels during urban �oods. The videos recorded two urban �ood events on
August 13, 2019, and August 13, 2020. The details of these two videos are shown in Table 1. The video
data set was intercepted every �ve seconds into 1057 images in the Joint Photographic Experts Group
(JPEG) format. The original resolution of these images is 1200×720 pixels.

Table 1
Two videos in the surveillance video data set

  Data Timeframe Number of images Resolution

Video 1 August 13, 2019 16:40-17:40 533 1200×720

Video 2 August 13, 2020 15:30-16:15 524 1200×720

In order to evaluate the rationality of the spatial-temporal ponding distribution, this study collected the
rainfall data of two periods corresponding to the videos. In addition, the ponding levels estimated by the
static reference, the guardrail, was used for veri�cation. By visually observing the Region of interest (ROI)
images where the static reference object is located, we estimated the pixel height of the selected static
reference and calculated the actual height of each pixel according to the actual height of the guardrail.
The difference between guardrail heights in paired �ooding and non-�ooding images was regarded as the
water depth. Fig. 2 presents the time series of these two pluvial �ood events and the water depth time
series estimated by the static reference.

Place Fig. 2 here

3 Methodology
In this study, a computer vision-based method is proposed to identify the spatial-temporal distribution of
ponding levels in the scene of the road surveillance video, which is shown in Fig. 3. The three main tasks
of this method are as follows:

i) Ponding levels This task used images of obtained sedans to train an object detection model, You Only
Look Once vision 3 (YoloV3), and employed the trained model to predict ponding levels and locations
whenever and wherever sedans were detected from consecutive video images.

ii) Outlier In order to reduce the uncertainty of single-point detection, the outlier detection technology was
implemented to analyze the outliers of ponding levels value in each time step, and the outliers were
deleted to update the points with locations and ponding levels.
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iii) Ponding distribution In this task, Inverse Distance Weighted was leveraged to estimate the ponding
distribution in the scene.
Place Fig. 3 here

3.1 Ponding levels identi�cation
Identifying ponding levels based on dynamic reference objects from consecutive surveillance video
images is an important part of this study. Since this task aims to quantify the ponding levels based on
reference objects partially submerged in the water, the �rst step is to decide which objects we should
consider for the classi�cation task. Due to the limited scalability of static reference objects, we selected
the sedan as the dynamic reference for the ponding levels identi�cation in this study. According to the
dynamic reference submerged degree during �oods in the images, the ponding levels was labeled in four
classes. Then, the labeled images were used to train the object detection model, YoloV3, to identify the
ponding levels of the test images, and a mean average precision (mAP) was used to evaluate the model
performance. After that, sedans with the locations and ponding levels in consecutive images from
surveillance videos were detected by the trained YoloV3 model.

3.1.1 Training dataset and annotation strategy
The training dataset consisting of three sources images was collected to train YoloV3 model, shown in
Table 2. In order to ensure the size of the dynamic reference object is basically the same, the sedan (not
the bus and SUV car) was selected in our study. We chose images containing sedans as our training
dataset, which are collected from three sources: media images, synthetic images, and surveillance video
images. We searched Google with ‘�ood sedan’ as the keyword and got 292 pictures. For synthetic
images, we truncated the reference object image with different heights to represent that part of them is
visible on the water surface during �ood (Jiang et al. 2020). We created 11 groups of different angles
sedan images, and the sedans of each group had 13 different truncation heights. Finally, we created 143
images by merging the sedans on a water surface image in a blending way. The 405 surveillance video
images were collected from the Dongguan Street video screenshots obtained through the tra�c
management department.  
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Table 2
Training dataset

Type Number of images Number of labels per level

Level 0 Level 1 Level 2 Level 3 total

Media images 292 100 69 112 93 374

Synthetic images 143 11 22 44 66 143

Surveillance video 405 29 436 140 105 710

Total 840 140 527 296 264 1227

In this paper, sedans in our image dataset were labeled with ponding levels and bounding boxes to train
the object detection. Since humans cannot infer the centimeters of the �ood just by observing the images,
we tried to estimate the extent of sedans submerged in the water according to roughly de�ned ponding
levels (Chaudhary et al. 2019). Considering the proportion of cars in surveillance video and the impact of
ponding levels on the tra�c, we de�ned 4 ponding levels, which range from 0 to 3. Level 0 means no
water; Level 1 means ponding levels below 1/3 of the wheels; Level 2 means ponding levels below the fog
light of sedans; Level 3 means ponding levels above the fog light, which will cause the vehicle in danger
during �oods. The labellmg (https://github.com/tzutalin/labelImg) software was used to label the
collected images, and each image had two attributes: the label of ponding levels and the bounding box.
Fig. 4 shows each level at the corresponding height on the sedan and representative pictures from three
data sources.

Place Fig. 4 here

3.1.2 The object detection model -YoloV3
YoloV3 was used as the object detection model in our study, which is based on Convolutional Neural
Network (CNN) and has the advantage of being much faster than other networks and still maintains
accuracy (Martinez-Alpiste et al. 2021). The backbone network of YoloV3 is Darknet-53, which is the
feature extractor. The rest detection layer, named YOLO layer, is to predict objects at three scales. The
detail of YoloV3 can be seen in (Redmon and Farhadi 2018). The o�cial pre-trained model weights based
on the MS COCO (Microsoft Common Objects in Context) dataset (Lin et al. 2014) can be used before
training the model. The COCO dataset is large-scale object detection, key-point detection, segmentation,
and captioning dataset consisting of 328K images. For object detection, the COCO dataset has
annotations for 80 object categories.

In our task, the training was divided into two stages: in the �rst stage, we loaded the o�cial pre-trained
weights as the initial weights. Moreover, due to the backbone feature extraction layer is suitable for our
data set, we chose to freeze the backbone network and just trained the rest detection layer during the �rst
50 epochs to protect them from large weight perturbations during the early phases of the new training,
thereby achieving higher accuracy in a shorter period of training. In the second stage, we leveraged the
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weights that had been trained in the �rst stage to continue training. Different from the �rst stage, we
unfroze all layers and trained all weights. The learning rates of the two stages were 0.1 and 0.02,
respectively, and batch-size were 8 and 4. Of the 840 images we got, 80% were used as the training set for
model training mentioned above, and 20% were used as the test set for veri�cation. We stopped training
in the 2000 epoch when the �nal loss value no longer decreased.

3.1.3 Evaluation strategy
In this task, the mean average precision (mAP) was used to evaluate our object detection model (Gaus et
al. 2019). In multiple categories of object detection, by adjusting the Intersection Over Union (IOU)
threshold, we can draw the P-R curve for each object of our model, and the area of the P-R curve is the
average precision (AP).

3.1.4 Ponding levels detection
Using the trained YoloV3 model, the ponding levels and the bounding box can be obtained wherever the
sedan is detected in the consecutive surveillance video images. In addition, it should be mentioned that
the midpoints of the bottom border of the detected bounding boxes can represent the location of the
identi�ed ponding points to ensure that they can fall on the road.

3.2 Outlier detection
Outlier detection in our method was used to detect and delete the outlier points in each time step. For our
data, we de�ned the time step as �ve minutes and proposed a hypothesis that the state of ponding levels
every �ve minutes is basically unchanged. After predicting the ponding levels at special points, we put
points in every �ve minutes together. However, because of the limited accuracy of object detection, some
of the ponding levels in every �ve minutes may be misidenti�ed. Therefore, data mining needed to be
adopted to reduce uncertainty. This paper leveraged the outlier detection method to realize data mining.

To eliminate these spatial outliers, we decided to use Cluster and Outlier Analysis (Anselin Local Moran's
I). For outliers, different elements will be adjacent or surrounded by other elements in geographic space,
so the following description is used: the high value surrounded by low values is expressed as HL; on the
contrary, a low value surrounded by high values is expressed as LH. The local Moran index (local Moran's
I) indicates the distribution of spatial values (Anselin 1995). A negative local Moran's I indicates that the
element is an outlier. Local Moran's I is de�ned as following:
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−
X
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2

Where xi presents the attribute value of element i, 
−
X  presents the average value of the corresponding

attribute, wi , j presents Spatial weight between elements i and j, n presents the total number of elements.

To apply this method in ArcGIS, we mainly choose two parameters. The Fixed-Distance-Band is used as
the representation of the spatial relationship of feature points, which means neighboring features within
the speci�ed critical distance should be assigned the same weight, and the features above threshold
distance cannot affect the detection feature. In addition, we chose Euclidean-Distance to calculate the
distance between each element and its neighboring elements.

3.3 Ponding distribution determination
After detecting and deleting outliers in each time step, the update points can basically represent ponding
levels at speci�c locations. Then, to acquire the ponding distribution in the entire scene, Inverse Distance
Weighted (IDW) was used for spatial interpolation. Finally, water depth time series based on static
reference detection supported verifying the rationality of spatial-temporal ponding inundation maps.

3.3.1 Inverse Distance Weighted (IDW)
Inverse distance weight (IDW) interpolation was implemented to estimate the ponding distribution maps
based on the update points in every time step in our study. IDW uses a linear weight combination of
sampling points to determine the cell value (Watson and Philip 1985). The weight is an inverse distance
function. This method assumes that the mapped variable is reduced due to the distance between its
sampled location. This interpolation method is suitable for the scattered nodes, which is consistent with
our data.

We used ArcGIS to perform inverse distance weighted interpolation, which has two key parameters. One is
the radius value, which is used to characterize the range of data points included in the interpolation
calculation. We chose Variable Search Radius as the radius value. The points number in calculating the
interpolated cell value was speci�ed as 18 according to our data size. Another parameter is the Power,
which is used to characterize the weight difference of data points at different distances from the
sampling position in the interpolation calculation. We chose 3 as the Power parameter in our task.

3.3.2 Veri�cation of the Spatial-temporal ponding
distribution
In order to verify the rationality of spatial-temporal ponding distribution, this paper selected rainfall data
and water depth time series identi�ed based on static reference for comparative analysis. The detail of
two validation data is mentioned in Section 2.

4. Results
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4.1 Ponding levels identi�cation
A mean average precision (mAP) index was used to evaluate the trained model performance on the test
set, 168 images. The P-R curves of different levels are shown in Fig. 5(a), and mAP can be seen in Fig. 5
(b). The AP of level 3 was as high as 91%, and the AP of level 2 is up to 82%, which indicates that this
task performs well at level 2 and 3, that is, the high level. While the APs of level 1 and level 0 were 64%
and 74%, respectively, which were lower than mAP. Fig. 5(c) shows the proportions of False Positive (FP)
and True Positive (TP) of the detection results per level when the score threshold is 0.5. It can be seen
that TPs of level 1, 2 and 3 had high proportion, indicating that the detection of these three levels had
high precision. Combined with the annotation strategy, it could conclude that the reason why level 0
performance poorly is that the dividing line between level 0 and level 1 is not apparent, especially when
there is no water on the ground but not completely dry. Overall, the mAP had reached 78% in the test set,
and it stated the model’s validity.

Place Fig. 5 here

The accuracy of the trained YoloV3 model was 78%, not 100%, which indicated the uncertainty of single-
point object detection. It also pointed out the necessity of performing outlier detection before ponding
distribution determination.

4.2 Outlier detection
Outlier detection was leveraged to detect the outliers of all points every �ve minutes to verify the
uncertainty of the single-point object detection. We gathered the detected points with ponding levels and
locations every �ve minutes, as shown in Fig. 6. The detected HL points were the level 1 points, marked in
red, surrounded by level 0 points, which can be considered as outliers. Similarly, some low values marked
in blue surrounded by high values were detected as LH values, which were also the points of false
detection.

Place Fig. 6 here

We counted the number of objects identi�ed in every �ve minutes of the two cases and the number of
outliers to prove the rationality of deleting outliers. As shown in Fig. 7, we can conclude that outliers had
a low proportion, although they existed. The number of objects every �ve minutes was different, ranging
from 26 to 144, which can be interpreted as the difference of tra�c �ow in different times in a real urban
road scene. The total HL and LH points every �ve minutes are shown in Fig. 7 (right), where blue
represents LH points and orange represents HL points. The proportion of outliers in each time step was
almost below 20%. According to the statistical data, it can be concluded that single point detection is
uncertain. After deleting all outliers, we obtained updated points with higher accuracy.

Place Fig. 7 here

4.3 Ponding distribution determination
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We got the �ve-minute ponding distribution maps of the two cases through data interpolation, shown in
Fig. 8 and Fig. 9. In case 1, the degree of �ooding gradually increased before 17:00, and the ponding
levels reached level 3 from 17:00 to 17:25. After 17:25, the degree of inundation gradually decreased. The
bridge tunnel on both sides reached level 3 at 17:15, which was the most severe moment during this
urban �ood event. In case 2, the �ood inundation degree gradually increased before 15:45, and the
ponding levels of the right bridge tunnel continuously reached level 3 from 15:45 to 15:55. The �ooding
degree gradually decreased after 15:55. In the whole process, the left bridge tunnel did not reach level 3.
At the same time, we found that the right bridge tunnel reached its peak earlier than the left in both cases.

The ponding process estimated by our method strongly correlated with the rainfall time series, shown in
Fig. 8 and Fig. 9. Fig. 8 expresses the spatial ponding distribution in Case 1. The top of each group in
graphs is the corresponding rainfall during this time step, marked in blue. It can be seen that some areas
in the scene reached level 3 from 17:00 to 17:20. According to the rainfall time series shown in Fig. 8, we
can see that the rainfall is relatively large from 16:50 to 17:15, with two rain peaks. In addition, due to the
time lag between rainfall and the formation of urban �oods, it can be concluded that the �ooding process
was basically the same as the rainfall time series. Fig. 9 re�ects the spatial ponding distribution in Case
2. It can be seen that only in two time steps of 15:45 and 15:50, the ponding levels in certain areas
reached level 3, and they appeared after peak rainfall, which was corporate with the pattern of urban
�ood formation.

By observing the evolution of �ood in Case 2, it can be seen that ponding level under the bridge tunnel
suddenly dropped from level 3 to level 1 at 15:55, and the ponding levels returned to level 2 at 16:40. This
phenomenon was inconsistent with the continuity of the ponding process. We found that the camera lens
had water droplets, which affected the detection of the upper left area of the scene.

Place Fig. 8 here

Place Fig. 9 here

Through the ponding distribution maps, we can �nd the evolution pattern of urban �oods in this scene.
Comparing with the distribution maps in Fig. 8 and Fig. 9, we can see that the ponding levels in the left
bridge tunnel always reached the highest level �rst than that in the right bridge tunnel, which may be
interpreted as the decline of the drainage pipe network capacity at the right bridge tunnel. This
information also provides a reference for future disaster prevention and mitigation measures. For
example, the situation under the right bridge tunnel should be focused. At the same time, we can see that
the ponding levels in the lower area of the images were always level 1 or below, which is consistent with
the topography of this scene that the terrain under the bridge hole is lower than the surrounding area.

In order to further veri�ed the rationality of our results, we compared ponding levels based on ponding
distribution maps with the detected water depth time series based on the static reference object
(mentioned in Section 2), as shown in Fig. 10. We extracted the ponding levels at the location of the static
reference object in the ponding distribution map and converted the ponding levels to the corresponding
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water depth, shown by the blue step line. It can be concluded that the trend of the ponding level process
was basically the same in two situations, with the maximum ponding levels appearing at 17:10-17:15 in
Case 1 and 15:50-15:50 in Case 2. It is acceptable that the ponding levels curves obtained by the two
methods cannot wholly coincide due to the in�uence of interpolation and microtopography.

Place Fig. 10 here

5. Discussion
Through our research, it can be concluded that the accuracy of object detection is the core reason that
affects the results. In our task, the accuracy of the trained model was 78%. This paper compares the
performance of the four widely used object detection models (Faster-RCNN, R-FCN, SSD, YoloV3).
According to the test results on Microsoft COCO object detection dataset presented in (Liu et al. 2016; Dai
et al. 2016; Ren et al. 2017; Redmon and Farhadi 2018), the mAP @ [.5:.95] of Faster-RCNN, R-FCN, SSD
(512*512 input image), YoloV3 (608*608 input image) are 21.9%, 31.5%, 26.8%, 33.0%. Because of the
complexity of the task, the object categories, and different settings, the mAPs of these four models are
lower than that of our model. Therefore, it is di�cult to make a fair comparison between different object
detection models, and we should treat the evaluation results rationally (Huang et al. 2016). The main
factors affecting accuracy can be divided into the following aspects: 1) feature extractors; 2) input image
resolutions; 3) data augmentation; 4) training dataset; 5) training con�gurations including batch size,
learning rate, learning rate decay, etc.; and 6) environmental factors. For video surveillance images,
environmental conditions are also important factors affecting model performance, such as strong
shadows, bright lights, obstructions, night scenes, and dirt or dust on the camera lens.

In our context, the main in�uence factors are environmental factors. In order to better explain the reasons
that arise the wrong classi�cation in our experiments, some representative wrongly classi�ed images are
shown in Fig. 11. The main reasons can be divided into four categories: 1) high beams in�uence: when
the high beam is turned on at night, the target object could become challenging to distinguish affected by
the light (Fig. 11(b), not detected); 2) obstacles in front of the predicted object: there will inevitably be
overlapping vehicles (the bus and the car in Fig. 11(a)) under the lens. Therefore, when a part of the target
object is blocked by other vehicles or objects, the classi�cation will be interfered; 3) in�uence of vehicle
angle: when the vehicle is in a frontal view, that is, when the front or rear of the vehicle is facing the
camera (Fig. 11(c)), the characteristics such as wheels become inconspicuous, resulting in the wrong
classi�cation; and 4) impact of water splash: when the vehicle speed is too fast to cause water splash, a
vehicle that should be in level 1 is easily misjudged as level 2 (Fig. 11(d)).

Place Fig. 11 here

There are still some limitations in this study, and they are expected to be solved in the future. First, due to
the limitation of the data obtained, the experiments in this paper are limited to a single scene. In the
future study, the accuracy of this model in multiple scenes will verify the transferability of our method. In
addition, we proposed a hypothesis that the state of ponding levels every �ve minutes is basically
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unchanged. How to fully mine spatial-temporal comprehensive information to obtain a more re�ned
ponding distribution map will be a direction of future work. Finally, this paper only applies to video
surveillance images. In the future, social media images and other crowdsourced data with geographic
labels and time can be combined to obtain a larger scale of ponding distribution, which is also an
effective way to realize the smart city.

6. Conclusion
It is very signi�cant to obtain timely urban �ood information for disaster prevention and mitigation. In this
study, a computer vision-based approach to estimate the spatial-temporal ponding distribution from road
surveillance video images was proposed and veri�ed, which takes advantage of the dynamic movement
characteristics of the dynamic reference object. An object detection model called YoloV3 was utilized to
predict ponding levels whenever and wherever sedans were detected from the videos. An outlier detection
model was proposed to analyze and delete the outliers in each time step to limit the error of the single
point result of the object detection. Furthermore, Inverse distance weight (IDW) interpolation was
leveraged to infer the ponding distribution of the entire area from multiple single-point ponding levels.

The experiments have proved the ability of object detection model YoloV3 to identify ponding levels from
images, and the evaluation index mAP reached 78%. Moreover, the proportion of outliers was almost
below 20%, verifying the necessity and rationality of outlier detection. And the ponding process estimated
by our method had a strong correlation with the rainfall time series, with a �ve-minute time lag. After
comparing ponding levels based on ponding distribution maps and the detected water depth time series
based on the static reference object, the trend of these two curves was basically the same, with the
maximum ponding levels appearing at the same time step. Meanwhile, through the ponding distribution
maps, we can �nd the evolution pattern of �ood in this scene, which contributes to the arrangement of
drainage facilities and effective disaster prevention and mitigation.
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Figure 2

Rainfall time series and water depth estimated by the static reference of two pluvial �ood events on
August 13, 2019 and August 13, 2020, in Dalian.

Figure 3

Framework of the proposed method for computer vision-based spatial-temporal distribution of ponding
levels estimation.

Figure 4

The annotation strategy for sedans (up) and representative pictures from three data sources
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Figure 5

The evaluation results of the trained model: (a) the P-R curves of each level; (b) AP of per class: Level 3 is
the highest,91%, Level 1 is the lowest,64% and mAP is 78%; (c) the False Positive and True Positive of the
detection results per class on the test set. 
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Figure 6

The outlier detection results in one time step. The white points indicate the locations and the
corresponding detected ponding level of the identi�cation points by the trained YoloV3 model. The
detected HL points are marked with red, and the detected LH points are marked with blue.
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Figure 7

The number of objects identi�ed in each time step of two cases (left) and the proportion of outlier points
(right): the orange histograms represent HL points proportion per time step, the blue histograms represent
LH points proportion per time step, and the proportion of outliers in each time step is almost below 20%. 
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Figure 8

Estimated �ood distribution map by data interpolation after deleting outliers of Case 1. The top of each
group is the rainfall histogram in blue. Some areas in the scene have reached level 3 from 17:00, �ve
minutes later than the peak of rainfall time series.

Figure 9
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Estimated �ood distribution map by data interpolation after deleting outliers of Case 2. The top of each
group is the rainfall histogram in blue. Some areas in the scene have reached level 3 at 15:45, �ve
minutes later than the peak of rainfall time series.

Figure 10

The comparison between water depth converted by ponding level extracted from ponding distribution
maps (step line in blue) and the detected water depth time series based on static reference object (scatter
in orange) for case 1 (left) and case 2 (right). The maximum water depth estimated by two methods
appears at simultaneously, 17:10-17:15 in Case 1 and 15:50-15:50 in Case 2. 

Figure 11
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Four wrongly classi�ed images caused by different reasons: (a) high beams; (b)obstacles in front of the
predicted object; (c) vehicle angle; and (d) water splash.


