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Abstract

Visual tasks such as object detection and semantic segmentation are applied to many scenes in rail
transit. Most visual systems are designed to execute in clear environments. However, real rail
transit scenes inevitably contain degraded image scenes, such as the harsh weather encountered
by trains outside all year round, as well as poor lighting in environments such as tunnels and
nighttime. These degraded images can reduce the performance of advanced visual tasks. This ar-
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ticle focuses on image enhancement in scenes with low visibility caused by severe weather (foggy,
rainy) and weak light conditions to improve degraded image quality. For this reason, this paper
proposes a low visibility scene image enhancement system for rail transit, which can adaptively
classify weather and illumination and enhance the classified images of low illumination, foggy, and
rainy scenes. Applying this system to multi-object detection and semantic segmentation applica-
tions in rail transit scenarios, experimental results show that the system can improve the accuracy
of multi-object detection and semantic segmentation by about 1% for low illumination images and
foggy images. For rainy images, the system can improve the accuracy of multi-object detection and
semantic segmentation by more than 4%.
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Figure 1. Image enhancement system of low visibility scene in rail transit
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Figure 2. Before and after low light image enhancement for rail scenes
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Table 1. ResNeXt network model
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Convl 112 x 112 7 x 7,64, stride 2

3 x 3 max pool, stride 2

Conv2 56 x 56 [1x1, 128
3x3, 128,C =32 |x3

| 1x1, 256

[1x1, 256
Conv3 28 x 28 3x3, 256,C =32 | x 4
| 1x1, 512

[1x1, 512
Conv4 14 % 14 3x3, 512,C =32 |x6
| 1x1, 1024

1x1, 1024
Convs Tx7 3x3, 1024,C =32 |x3
1x1, 2048

1x1 Global average pool 1000-d fc, softmax
# params. 25.0 x 10°

FLOPs 42 x10°

256-d in

v v v
1256,1x1,4](256,1x1,4] ., [256,1x1,4

(4334 |[4334 ] T

4,1x1,256|(4,1x1,256 4,1x1,256
+ )<
+ )«
256-d out

Figure 3. ResNeXt basic block structure
[ 3. ResNeXt £ AR

DOI: 10.12677/jisp.2023.123030 308 & 555 Ak #


https://doi.org/10.12677/jisp.2023.123030

RN %

i 2ET ResNeXt YR TSREAMIZH THEHFINBEEE R WR. TRUIIHM R R IEH RS
BGEEEET, »RERIREREE A 4 PR, Hdiss 0. 10 20 3HAIFIRIEFHRA. SR WA
TR, DREAEREELIEF] 97%.

Confusion_Matrix

4000
0 100 0 43 3500
3000
1- 4 100 2500
g
& 2000
2- 2 22 1324 14 - 1500
- 100
3 - 7 33 1 2234 - 500
' . . -0
0 1 2 3
Predict

Figure 4. Confusion matrix for weather classification
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Figure 5. FFA-Net network model
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Figure 6. Comparison of rail transit scene image before and after defogging
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Figure 7. PRe-Net network model
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Figure 8. Comparison of rail transit scene images before and after rain removal
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Table 3. Comparison of multiple target detection accuracy of different algorithms
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Figure 9. Comparison of object detection results before and after low illumination image enhancement
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Figure 10. Comparison of object detection results before and after image enhancement with fog
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Figure 11. Comparison of object detection results before and after image enhancement with rain
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Table 4. Comparison of semantic segmentation accuracy between different algorithms
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Figure 12. Comparison of semantic segmentation effects before and after image enhancement with fog
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Figure 13. Comparison of semantic segmentation effects before and after image enhancement with rain
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