’i) Check for updates

Journal of Institute of

https://doi.org/10.5302/J.ICROS.2025.24.0252

Control, Robotics and Systems (2025) 31(2):153-159
ISSN:1976-5622 elSSN:2233-4335

MCVL: A& 3 Ztel 85}
ciatrer FHH 2F 7|8k S A

st

Pagd

=0
=9l

MCVL: Multi-directional Camera-based Visual Localization
Resistant to Seasonal and Illumination Changes
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Abstract: The global navigation satellite system-based technology has inherent limitations due to its reliance on radio signals. In
contrast, visual localization operates independently of radio communication, presenting a viable solution to overcome these
limitations. However, it is susceptible to seasonal and illumination variations, highlighting the need for research to address these
challenges. Therefore, this paper proposes the multi-directional camera-based visual localization, which is robust against seasonal
and illumination changes. The proposed method combines image from multiple directions and extracts global deep learning
features. Subsequently, local deep learning features are extracted to preserve the characteristics of each combined image, allowing
for the identification of geographically similar images. This approach utilize multi-directional cameras, enabling resilient
performance under various constraints. Moreover, it demonstrates an improvement of 7.56% in recall rate at I-meter threshold

compared to existing

methods.
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Fig. 1. Qualitative evaluation results: The first to third rows show cases where the existing method failed due to backlighting (500m+ error).

The last row shows a case where the existing methods failed.
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Table 1. Dataset summary for image retrieval evaluation: Oxford Robotcar [14] is a dataset suitable for evaluating multi-directional

Dataset Camera Method Season | Day and Night | Multi-directional | Environment
Aachen Day-Night [20] Phone Handheld X o X Outdoor
Baidu Mall [22] DSLR, Phone Handheld X X X Indoor
InLoc [21] Phone, RGB-D Handheld X X X Indoor
Gangnam Station B2 [23] | Industrial Camera, Phone Robot X X (0] Indoor
Oxford Robotcar [14] Industrial camera Vehicle (0] (0] (0] Outdoor
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Fig. 2. System overview diagram. It consists of image concatenating, global encoding, local encoding, and similarity evaluation.
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Table 2. Data synchronization results, only cases where the four

cameras and RTK fall within 30 [ms] are used.

Unsynced Synced
Front Image 30k 10k
LefURightRear Image | 20k 0k
- RTK | 2k 0k

duFF 1.
Algorithm 1.

Al bt W o] AL E,
Pseudo-code of proposed method.

# Step 1: Image Concatenation and Resizing
1: Input: Image set (front, left, right, rear)
2: Concatenated Image = Concatenate Images(Image set)
3: Resized Image = Resize Image(Concatenated Image,
Target Size)
# Step 2: VLAD Encoding
4: VLAD Vector = Encode VLAD Vector(Resized Image)
# Step 3: Similarity Calculation with Dataset
5:  Similar Images List=Empty List()
6: For each Image in Dataset:
7: Dataset_Image VLAD =
Encode VLAD Vector(Current Image)
8: Similarity_Score = Calculate_Similarity(VLAD_Vector,
Dataset Image VLAD)
9: Append (Current_Image, Similarity Score) to
Similar Images List
10: End For
# Step 4: Ranking Using Local VLAD Encoding
11: Ranked Images List=Empty List()
12: For each Image in Top N Images:
13: Local VLAD Vector =
Encode Local VLAD(Current Image)
Local_Similarity Score =
Calculate Local Similarity(VLAD_ Vector,
Local VLAD Vector)
15: Append (Current_Image, Local Similarity Score) to
16: Ranked Images List
17: End For
# Sort Final Ranked Images
18: Ranked Images List=
Sort By Similarity(Ranked Images List)
# Step 5: Return Results
19: Output = Ranked Images List

14:
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Table 3. Evaluation based on recall, (m or

*) for individual

assessment, (m), ( ) when both are satisfied.

Recall (%) NetVLAD Patch - MCVL
[11] NetVLAD[12] (Proposed)
Im 10.42 15.67 17.98
2.5m 29.46 42.37 52.02
Sm 50.99 63.00 76.92
7.5m 59.47 70.11 88.99
,,,,,, om | 6230 7207 9046
1 38.57 42.08 46.87
2.5 57.26 64.92 72.42
5 66.96 74.17 86.35
7.5 71.56 79.42 91.02
,,,,,, 10° | 7356 8100 9319
Im, 1 5.59 8.22 7.64
2.5m25° 23.67 34.22 39.75
5m,5° 46.71 57.64 71.39
7.5m,7.5° 56.90 68.12 86.21
10m, 10 ° 60.73 70.99 88.96
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Table 4. Minimum, maximum, median, and mean values of position and heading errors, four decimal places are used for evaluation.

Translation Error (m) i Rotation Error ()
Min Max(+10) Median Mean i Min Max(+10) Median Mean
NetVLAD[11] 0.03 356.86 124.53 150.53 i 6.24 40.52 12.17 18.36
PatchNetVLAD[12] 0.02 88.31 4.30 11040 |  0.0002 17.38 0.52 13.45
Proposed 0.01 5.67 2.89 28.20 i 0.0004 4.69 0.18 4.69
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Fig. 3. Recall rate graph based on the criteria in Table 3. The left side shows the evaluation results for position error only, the middle shows

the evaluation results for heading error only, and the right side shows the evaluation results for both position and heading errors

combined.
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£ 5. ©]’ A(outlier) B &

Table 5. Outlier ratio.

. NetVLAD Patch - MCVL
ratio (%)
[11] NetVLAD[12] (Proposed)
10m + 41.31 27.06 9.17
50m + 24.99 16.86 2.67
100m + 20.76 14.61 2.05
500m + 11.99 8.17 1.32
M000mt | 222 1S3 034
5° 37.18 28.33 14.43
10° 27.51 20.00 7.03
30° 17.44 12.50 4.29
50° 13.31 9.29 3.59
100 6.16 4.63 0.95

9 4 HI5E el A ) A

Fig 4. Failure cases in similar scenes.
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