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Abstract: Objectives: In addition to the extent of water accumulation, the depth of water
accumulation is a more important criterion for measuring the severity of urban waterlogging. In
response to the limitations of traditional urban waterlogging monitoring methods, such as high
costs, limited monitoring range, and the ability to only monitor specific flood-prone areas, a model
for assessing the depth levels of urban waterlogging using image information captured by the
public has been proposed. Methods: We used web crawling techniques with keywords like "urban
waterlogging" and "vehicles submerged" to collect images and videos from the internet that
include small vehicles in water, creating a sample set. Using the depth of vehicle submersion as a
reference standard, we divided the waterlogging depth into three levels: safe (-20cm), unsafe
(20-60cm), and dangerous (>60cm), and created corresponding labels for these levels. We applied
the YOLOvV8 model to construct four models of different network complexities: YOLOvSI,
YOLOvV8m, YOLOvV8Nn, and YOLOvVS8s. During training, we used a confusion matrix and four
accuracy metrics—Precision, Recall, mean Average Precision (mAP), and Average Precision
(AP)—to comprehensively evaluate the model's accuracy. Results: (1) For the training set, all four
YOLOvV8 models converged after about 40 training epochs, with Precision, Recall, and mAP50
values stabilizing around 60%-70%, and mAP50:95 values around 35%. (2) In the test set, for the
Precision metric, YOLOv8m scored the highest for the safe class at 80.7%, YOLOVSI for the
unsafe class at 55.4%, and YOLOv8s for the dangerous class at 84.8%. For the Recall metric,
YOLOv8m scored the highest for both the safe and unsafe classes at 66.3% and 68.8%,
respectively, while YOLOv8n scored the highest for the dangerous class at 68.3%. For the mAP50
metric, YOLOVS8s scored the highest for all classes, with 74.4% for safe, 61.7% for unsafe, and
76.2% for dangerous. For the mAP50:95 metric, YOLOv8m scored the highest for the safe class at
43.1%, while YOLOVS8s scored the highest for both the unsafe and dangerous classes at 37.7% and
36.7%, respectively. (3) It should be noted that the depth and width of the network, as well as the
ability to extract features, also have a significant impact on model performance. Although
increasing the width and depth of the network significantly increases the number of model
parameters and computational load, not all evaluation metrics increase with the width and depth of
the network. Although the YOLOV8I model is the most complex, its Precision and mAP50 scores
are not dominant, ranking fourth and third at 69.3% and 68.0%, respectively, while its Recall and
mMAP50:95 scores are the highest. Despite the YOLOv8n model having the fewest parameters and
computational load, its mAP50 score also achieved a second-place ranking. Overall, YOLOv8m
performed the best on the validation set, with the highest scores in Precision, mAP50, and
mAP50:95, with Precision and mAP50 being 2.2% and 2.6% higher than the second place,
respectively, and without much sacrifice in Recall, making it the best overall performer. (4) The
detection accuracy of the four models for the unsafe class is lower than that of the other two levels.
On the one hand, this is due to the imbalance in the number of samples (unsafe class samples are
68% of safe class samples and 59% of dangerous class samples). On the other hand, it is also due
to certain limitations in the model's detection performance, such as vehicles in motion easily
splashing water, leading to misjudgment of water levels; when the water level is just at the
halfway point of the tire, the unsafe class is easily confused with the safe class, and when the
water level is just at the exhaust outlet of the engine, it is easily confused with the dangerous class,



thus the probability of correctly detecting the unsafe class is the lowest. To address this issue,
future research will focus on targeted data augmentation techniques for sample processing to
improve the model's recognition ability for unsafe class samples, and introduce attention
mechanism modules into the model network structure to enhance the model's learning ability for
key features.

Keywords: Urban waterlogging; Public image; Artificial intelligence; Evaluation model
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Figure 1 Classification Standard for Floodwater Depth Levels
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Yolov8 Precision Recall mAP50 mAP50:95 Params(M) Flops(G)
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m 74.1 60.5 70.7 38.8 25.9 79.1
I 69.3 61.0 68.0 384 43.6 165.4
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Figure 9 Comparison of Confusion Matrices for the Test Set
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Table. 2 Comparison of Accuracy Metrics for the Test Set (%)

mAP50 mAP50:9
Yolov8 255 Precision Recall mAP50  mAP50:95 ) .

{8 B

safe 75.1 56.9 66.4 35.4

n unsafe 49.4 50.0 50.4 26.7 61.5 31.2
danger 69.7 68.3 67.5 31.3
safe 74.4 65.7 74.4 41.9

S unsafe 53.9 65.6 61.7 37.7 70.8 38.7
danger 84.8 64.7 76.2 36.7
safe 80.7 66.3 73.0 43.1

m unsafe 51.8 68.8 55.9 30.6 68.3 36.6
danger 83.2 66.0 75.9 36.2
safe 77.1 62.3 72.1 411

| unsafe 55.4 62.5 58.3 325 68.9 36.7
danger 84.4 67.0+ 76.2 36.4
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Figure 10 Heatmap of Accuracy Metrics for the Test Set
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Figure 11 Comparison of Detection Results in Multi-scale Mixed Scenarios

i 12, B — KA A s SRR R, JF HAan L e S5
T A M AR A e B ALk R R AR T AR B I T Y, BT TR ZE AR
KEEIE T SRR AL B, HRAR P BB UKSE ARy danger 280 R4

F W4 AT L Yolov PO 4L AR IR 51 i T ALK 4. Frh Yoloven,
Yolov8m F Yolov8I % Bl J 7e b X 3 i s 1% L, (2 B {5 B #FK T 50%), Yolov8s
Xof B R A /N8 3 AR AT AR AL 155 VO o BB AR DY 2SR50 TR AR AR T ) 22500



TEBL S S B B R O HL B B vy, DA 2R x 1 F Tk iy B A A

SRASE U3, 1T PN 357 R BEAR O AT — 2 B N A 52
() Yolov8n #&: i 45 1 (b)Yolov8s il 45 5
(c)Yolov8m il 2 B (d)Yolov8I #&; il £ 5

B 12 RIS 7 R A T R X B
Figure 12 Comparison of Detection Results in Overhead View Scenarios
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Figure 13 Comparison of Detection Results in Nighttime Scenarios
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