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@@ Background

* Robust perception under extreme scenarios
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40.65% Driving at night poses challenges

for both humans and autonomous
vehicles.

How do vision-centric perception
systems enhance safety in low-
light conditions?
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Figure 1. Nighttime driving scenarios pose a greater fatal threat than
daytime. The fatal rate at night is much higher [4]. This paper aims to
enhance nighttime images to improve the overall driving safety at night.

Challenges of nighttime scenes for autonomous driving

[1]. Benchmarking and Improving Bird's Eye View Perception Robustness in Autonomous Driving, TPAMI, 2025

[2]. Light the night: A multi-condition diffusion framework for unpaired low-light enhancement in autonomous driving, CVPR, 2025




@ Motivation

* Challenges

Low visibility Complex lighting conditions

FlashOcc




@ Motivation

* Learning illumination affined representation

[llumination map as guidance Pipeline comparison
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Our approach learns illumination-aware representations to enhance both the fundamental 2D and 3D stages.
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Selective Low-light Image Enhancement
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Selective Low-light Image Enhancement

Selective Low-light Image Enhancement 1. Retinex Deco mpo sition
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2. Selective Mechanism
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2D Illumination-guided Sampling

2D lllumination-guided Sampling
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Enhance 2D mmage feature representations by learning
adaptive sampling points from the illumination maps.
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Aggregate semantic cues from adequately-exposed regions.
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3D Illumination-driven Projection

Mitigate the adverse effects of semantic deficiency
caused by overexposure.

3D Illlumination-driven Projection
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3D-IDP constructs 3D illumination intensity fields to
refine the projection process.
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dj[uj v, IT =M[x y oz I]T,Vje{l,...,NZ}

S(x, y>——ZI(L e, ])

z]1

2. BEV Context Refinement
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Real: Occ3D-nuScenes

Table 1: Quantitative comparison on the Occ3D-nuScenes dataset. "11" denotes single-frame method.

"21""4f" and "8f" denotes methods fusing temporal information from 2, 4 and 8 frames.

=2 £ 2 = - @ ]
£ £ 3 — é lé § e E % '§ £ E %
Method mloll | W | u u u u n n Venue
Train: night  Test: night
BEVDetOce (I L] | 1322 | 00 00 00 345 00 00 00 01 587 10 241 260 197 211 | arXiv22
FlashOce (11) [50] 13421 00 00 00 353 00 06 00 36 572 23 218 259 1946 207 | arXiv23
SparseOce (1) [50] 1332104 05 64 373 109 82 14 131 464 44 197 96 8E 93 | ECCV24
OPUS (1) [40] 13202 00 00 332 46 001 00 130 509 10 150 135 114 158 NIPSM
LIAR (1) 19.27 | 97 112 85 37.7 148 122 1.1 125 587 &5 272 272 201 206
BEVDetOcc (20 [11] | 1586 | 06 00 00 403 00 60 00 45 620 30 283 288 237 248| arXiv2l
BEVFormer (2) [25] | 1657 | 36 00 00 403 161 99 00 100 621 48 199 244 188 222 | ECCVI2
FlashOce (2f) [50] I815) 54 00 00 415 95 105 00 177 635 L7 268 280 250 246 | arXiv23
FBOce (20) [24] 19791 93 163 54 400 136 125 00 176 594 68 245 207 200 21.9| CVPRI3
OPUS (2f) [40] 12770 15 00 00 354 85 11 00 170 529 22 166 146 130 I16.1| NIFS24
SparseQce (20) [27] 14291120 19 79 379 98 93 04 166 469 48 218 114 97 9.9 | ECCV24
COTR. (2) [31] 2001 153 03 1.5 440 181 101 00 77 632 7.0 M3 31 251 26.6 | CVPR24
LIAR (2f) 2209 130 53 135 428 193 1846 L1 202 643 28 20.0 293 254 247
Train: day & night  Test: night

BEVDetOcc (10 [11] | 1896 | 47 225 26 385 66 65 00 125 636 57 290 288 213 231 | arXiv22
FlashOce (1) [50] 1893 | 43 L0 0 387 7.7 58 00 136 606 2.1 27.01 300 2017 225 | arXiv23
LIAR (1) 2367 | 120 361 145 40.7 192 140 L3 193 605 111 289 305 214 218
BEVDetOcc (20 [11] | 2198 | 9.1 165 24 444 82 114 00 289 646 86 299 314 260 263 | arXiv2l
BEVFormer (41) [25] | 13.77 | 3.1 198 07 441 166 145 00 223 358 56 139 8§4 31 50 | ECCV2I2
FlashOee (2f) [50] 2340 | 134 185 23 465 107 143 00 300 665 59 325 329 281 260 | arXiv23
QPUS (8) [40] 2028 | 140 104 121 404 152 130 00 279 629 50 255 198 17.1 20,6 | NIPS24
SparseOce (80 [27]1 | 22.79 | 158 40.0 230 435 153 136 04 289 588 102 262 167 132 135| ECCV24
COTR (20[31] 2517 | 160 415 89 421 174 125 00 266 652 112 27.0 3A7 248 256 | CVPR24
LIAR (21) 27.33 | 159 377 190 454 191 178 19 336 67.1 8.1 312 3AT 274 247

FlashOcc




Synthetic: nuScenes-C

Table 2: Quantitative comparison on the nuScenes-C dataset under three severity levels.
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Method mo! | @ = ™ - "= = = = = ™
Severiry: eusy
BEVDcIOce (ID111] | 1508 | 05 124 13 141 249 77 38 18 45 21 101 625 120 255 320 170 182

FlashCwec {17) [50] 1247 |02 75 19 161 190 66 30 56 34 46 910 497 99 197 158 149 147
LIAR (11) Z252 | 3T 194 121 M4 38 110 4R 163 144 116 179 79 215 M1 3EI i 122
BEVDctOce (20) [11]) | 2022 (09 182 43 204 356 132 83 124 93 34 183 672 M4 292 356 280 249
BEVFormer (40 [25] | 1403 (0.7 204 38 289 336 44 83 113 78 02 180 344 MO0 174 112 72 886
FlashOec {20) L50] 2083 | 1.7 195 7.7 240 350 146 116 143 143 44 190 633 213 332 333 I2R9 250
OPUS (§) [40] 363 |40 222 40 3T 315 163 155 133 138 120 20 656 230 M4 24 212 17

SparscOce (£) [27] 166 287 375 132 186 189 247 74 218 SE0 189 269 233 165 158
COTR (20) [31] 102 160 34 82 101 170 185 33 150 616 190 330 359 294 05
LIAR (20) 172 322 438 167 198 215 239 200 276 755 3h1 425 450 357 30

Severiy: moderute
BEVDetOce (10 [11) | 1050 (0.3 66 08 100 M7 61 28 60 22 10 55 565 57 182 ME 136 148
FlashOec { 11) [50] 905 |00 31 07 134 154 59 L7 43 1.7 13 55 420 33 132 184 119 119
LIAR (1) 1844 | 22 101 111 230 R0 £S5 138 140 125 50 137 628 120 275 314 178 190
BEVDetOex (20 [11] | 1595 |04 103 32 149 318 10 57 97 49 17 126 624 B5 X7 I 136 205
BEVFormer (40) [25] | 998 |04 116 29 2 M5 15 54 #®6 27 3E 119 73 B1 119 75 48 a8
FlashiOec (20) [50] 1734 |09 126 54 176 314 107 26 118 92 22 127 606 40 260 281 232 199
20 16 96 259 319 134 121 107 82 33 173 594 136 ME I84 154 189
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OPUS (&) [40] 17.50 259

SparscOoc (8) [27] 1681 136 117 228 335 92 155 160 192 20 162 83 193 163 139 13
COTR (20 [31] 117 182 86 114 284 68 97 141 150 13 113 132 211 99 251 183
LIAR (21) 2567 | LT M0 132 287 A 128 176 185 M2 119 128 X6 370 ¥Me 96 24T

Severity: hard

BEVDctOce (10 [11) | 781 (00 21 03 52 146 31 14 312 08 03 20 494 14 112 160 102 116
FlashiOwec | 10) [50] 582 |00 07 01 79 10 13 05 24 04 D5 2T M3 02 73 11D 922 99
LIAR (1T) 1221 | 0.8 T4 154 09 A7 91 HK3% 75 212 &8 533 12 161 IL9 113 145

BEVDetOce (20 [11] | 1046 | 0.1
BEVFormer (40 125] | 571 | 02
FlashOvec (21) [50] 11.76 | 0.2

16 71 239 38 25 55 14 06 51 531 28 141 195 175 149
09 131 223 02 24 48 06 05 57 194 28 63 S0 30 47
20 97 250 50 52 72 39 D8 53 563 49 165 223 164 143

OPUS (8) [40] 10,80 | 0.5 S8 147 250 M& 53 64 29 05 K6 497 39 136 103 90 137
SparscOoc (81 [27] | 10.77 | 0.8 19 108 259 42 %2 113 110 03 K3 452 10 116 106 109 100

COTR (20 [31] 1200 | 04 60 39 234 17 64 83 92 04 56 539 53 186 210 182 130 .

LIAR (21) 17.31 | 0.8 83 142 315 90 102 123 132 23 131 630 144 260 300 195 176 RGB&GT Synthet]c FlaShOCC




@@ Ablations

Table 3: Ablation study of LIAR on the Occ3D-nuScenes.

LIAR SLLIE 2D Feature Enh. View Transformation mloU
Add Concat 2D-IGS BEVPooling 3D-IDP
baseline v 13.42
1 v v 14.39
i v v 13.86
111 v v 13.81
v v v 14.11
v v 14.88 Iﬂpllt image
vi v v v 15.31
mloU — 14.20 15.00
=038 W 1=045 4,4 L 100% DCN 14.11
14.30- W w'o Gudance 14.80 1
0o, 14007 |1 el -
14.104 14.08 1381 = 14.60 -
| ., 13.80-
13.90. 40% 14.40 -
13.70 L 10% 13.60 14.20
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Adverse effect of indiscriminate enhancement.
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(b) Sampling strategy in 2D IGS

(c) Illumination intensity in 3D IDP

Ablation study on the impact of illumination in our SLLIE, 2D-IGS, and 3D-IDP.
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