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Fig. 3 Distribution analysis of annotation water depth
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Fig. 4 Performance evaluation of water level recognition model
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Abstract:

Objective Continuous, time-resolved water-depth hydrographs are often unavailable during urban pluvial flooding because currently installed
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water-depth gauges/sensors are sparse and event observations are incomplete. Therefore, this study uses an Al-based approach to (i) recognize
multi-level waterlogging severity from widely deployed surveillance imagery and (ii) reconstruct the continuous temporal evolution of water
depth at fixed locations, enabling the derivation of flood-process information for rapid situational assessment and the calibration/validation of ur-
ban rainfall-runoff models in data-scarce areas.

Methods A two-stage workflow was established, consisting of flood-level recognition and flood-process reconstruction. First, a vehicle-
referenced waterlogging dataset was compiled using 1 911 images collected from public platforms and fixed surveillance cameras. Vehicles were
annotated with bounding boxes, resulting in 5 260 labeled instances. Waterlogging severity was discretized into five classes (Level 0 to Level 4)
based on visually interpretable vehicle-water interactions. Then, a YOLOvV8 one-stage detector (backbone-neck-decoupled head) was trained us-
ing PyTorch. Online data augmentation techniques, including Mosaic, random affine transformation, and HSV perturbation, together with a short
backbone-freezing schedule, were applied to stabilize the early training process. Model performance was evaluated using Precision, Recall, F1—
score, P—R curves, and mean Average Precision (mAP). Class-wise performance was interpreted with respect to the sample distribution across se-
verity levels and the spatial distribution of labeled instances within the image plane. Water-depth hydrographs were reconstructed using a “key-
frame calibration + linear interpolation” approach. Key frames with clear physical significance were selected from surveillance videos. Water
depth at each key frame was calibrated using vehicle feature points and reference geometry, and a continuous depth—time curve was generated
through linear interpolation between adjacent key frames. Because installed water-depth gauge/sensor data were unavailable, manual image-based
depth measurements obtained using the same vehicle references were treated as the reference truth. Additional timestamps were sampled within
the key-frame intervals for manual measurements, and the discrepancies between the manual measurements and interpolated values were quanti-
fied using RMSE, MAE, and maximum absolute deviation. Two representative scenarios were analyzed, including a daytime road scene with
short-duration intense rainfall and a nighttime parking-lot scene with long-duration rainfall.

Results and Discussions The model converged stably and achieved an overall mAP of 0.673 on the validation set. Performance varied across the
severity levels. Severe inundation was detected more reliably because stronger visual cues were present, whereas the distinction between Level 0
and Level 1 remained challenging because shallow-water features were weak and visually ambiguous. Spatially, labeled vehicles were primarily
concentrated near the image center, which explained the occasional missed detections and false alarms in edge regions. However, this spatial bias
exerted less influence on typical mid-range traffic surveillance views, where vehicles predominantly appeared near the center of the surveillance
images. Two representative real-world surveillance cases were selected for process-level validation, including a daytime road scene caused by
short-duration intense rainfall and a nighttime parking-lot scene subjected to long-duration rainfall to evaluate whether the trained model and the
subsequent hydrograph reconstruction strategy remained reliable under different illumination conditions and rainfall regimes. The reconstructed
depth-time hydrograph for the daytime scenario exhibited a pronounced S-shaped pattern and was divided into three stages, with mean rising rates
of 3.05 cm/min (initial expansion), 8.69 cm/min (rapid deepening), and 1.05 cm/min (high-water maintenance). Error verification against the
manual measurements yielded RMSE (3.81 cm), MAE (3.30 cm), and a maximum deviation of 6.91 cm. Relative to the peak depth of 113.0 cm,
the MAE and RMSE corresponded to 2.92% and 3.37%, respectively, indicating that the key-frame interpolation accurately captured both the
magnitude and temporal trend at a level suitable for stage characterization. The hydrograph for the nighttime scenario followed a “slow
accumulation-accelerated growth” pattern, with mean rising rates of 0.56 cm/min and 1.74 cm/min during the two stages. The corresponding er-
rors were RMSE (2.34 ¢cm), MAE (1.99 c¢m), and a maximum deviation of 4.61 cm. The relative errors were higher because the peak depth was
smaller (39.0 cm), reaching 5.10% (MAE/peak), 6.00% (RMSE/peak), and 11.82% (max/peak). This increased sensitivity was consistent with the
effects of low illumination and reflective backgrounds, which reduced the contrast of shallow-water boundaries, as well as the slow-varying flood
process, in which small disturbances constituted a larger proportion of the overall signal.

Conclusions A surveillance video and vision Al framework was developed to recognize urban waterlogging levels and reconstruct water-depth
hydrographs without co-located gauges. Using a vehicle-referenced dataset comprising 1 911 images, a YOLOvS-based model achieved an mAP
of 0.673 for multi-level waterlogging recognition. The proposed “key-frame calibration + linear interpolation” strategy generated time-continuous
depth-time curves with centimeter-level reconstruction errors for both a daytime rapid-evolution storm (RMSE 3.81 cm; MAE 3.30 cm) and a
nighttime long-duration event (RMSE 2.34 cm, MAE 1.99 cm). The proposed framework enables the low-cost, non-contact extraction of flood-
process information from existing surveillance infrastructure while providing actionable process data for event interpretation, emergency response
support, and hydrologic model calibration in observation-limited urban environments.

Key words: urban waterlogging; flood inundation; water-depth hydrograph reconstruction; computer vision-based Al; YOLOVS; disaster preven-

tion and mitigation
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