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A MORE DETAILS OF LANEVIL DATASET

In this section, we delve into more details of the LanEvil dataset
design, covering severity design, a comparison of relevant studies,
and visualization.

A.1 Illusion Design Details

Here, we offer a comprehensive introduction to the designs encom-
passing five distinct severity levels across various illusion types.

Road Crack. For the Road Crack illusion, we incorporate cir-
cular network cracks and bar-shaped cracks onto the road surface.
These cracks, colored black, vary in size (i.e., diameter or length)
from 0.5m to 5m and appear multiple times along a 30m long path.
Following the definition in Section 3.2, we represent the number of
applied cracks as N,k For the five severity levels, we set N qck
as {3, 5, 10, 20,30} from level-1 to level-5.

Road Repair. Similar to Road Crack, we employ facilities such
as manhole covers, sewer outlets, and road joint tape. These fa-
cilities appear multiple times within a 30m range, with types ran-
domly selected, and lengths ranging from 0.3m to 3m, determined
by the real-world characteristics of the corresponding objects. We
use Nyepair to denote the number of applied facilities. For Road
Repair illusion type, all disturbances are achieved by modifying
the appearance, and we set the Nyepqir as {1,3,5,10,15}.

Tire Marks. For Tire Marks, we add one pair of tire prints.
There are two types of tire prints: straight and curved, with lengths
ranging from 3m to 10m. To denote varying levels of severity, we
regulate the degree of clarity by adjusting the center distance be-
tween the tire prints and the road surface in the simulation envi-
ronment. The closer the distance, the more distinct the Tire Marks
become. We express the distance between these two facilities as a
percentage of the height of the tire prints: {40%, 30%, 20%, 10%, 0%}.

Guard Rail. Different from the first three illusion types, the
modification method of Guard Rail is to add new facilities. We se-
lect various types of guard rails and place them in the environment,
arranging them in a direction as parallel to the lane line as possi-
ble. The length of an individual guard rail facility is approximately
2m, so as the quantity increases, the overall length also expands.
Specifically, let Ny, qrq represent the number of Guard Rail. We
set Nyyara as {5,10, 15, 20, 25}.

Pedestrian. In the dynamic objects illusion category, we utilize
automatic generation and navigation methods. Specifically, we se-
lect objects corresponding to a specific type (e.g., Pedestrian) and
generate them at randomly chosen spawn points. Subsequently, we
assign speeds to different objects and activate automatic control.
For Pedestrian, we set the number of generated pedestrians as
{25, 50,75, 100, 125}.

Vehicle. For Vehicle, we set the number of generated vehi-
cles as {50, 75,100, 125, 150}. It is worth noting that, the types of

Vehicle and Bicycle in CARLA are stored in the same assets
vehicle. We manually distinguish the models of two types.

Bicycle. For Bicycle, we set the number of generated bicycles
as {20, 40, 60, 80, 100}. It is worth noting that our focus is not solely
on bicycles (human-powered), but we include all two-wheeled ve-
hicles in this illusion type.

Streetlight. We adjust the angle of sunlight, denoted as a, to
create different streetlight shadows. Specifically, we ensure that the
shadow length crosses the current lane, generating streetlight shad-
ows with angles of approximately {60°, 55°,50°,45°,40°} relative
to the lane line. The smaller the angle, the greater the amplitude of
the illusion.

Fence. We manually construct a continuous arrangement of
fences and adjust the angle of sunlight to create densely packed
shadows on the road surface. Specifically, we generate shadows with
different tilt angles {60°,55°,50°,45°,40°} similar to streetlights.

Rail. Different from the previous two illusion types, the rails are
usually built diagonally above the road. We generate shadows at
different positions by fixing the azimuth of the sun while adjusting
the sun’s altitude and the height of the rails. The generated shadows
are approximately {2.0, 1.5, 1.0, 0.5, 0} meters away from the center
of the current lane.

Wire. Wires are almost directly above the road surface, so we
fix the azimuth of the sun and adjust the sun altitude to project
their shadows onto the road surface similar to Rail. The shadows
are {2.0,1.5,1.0,0.5,0} meters away from the center of the current
lane.

Sunlight/Streetlight Reflection. Reflection primarily oc-
curs when there is water on the road surface. For Sunlight Reflec-
tion, we set various lower values for sun altitude, while for Street-
light Reflection, we choose two common light colors: white and
yellow. We control the water volume variable to adjust severity lev-
els. Specifically, we set water volume as {40.0, 50.0, 60.0, 70.0, 80.0}.

Vehicle Reflection. Unlike the previous one that used water
to control the illusion, adjusting the light intensity I can control the
reflection generated by the vehicle. Here we rely on fog to adjust
the lighting intensity [. Thus, we set fog density relative to the clear
atmosphere as {40%, 30%, 20%, 10%, 0%} .

A.2 Comparison with Related Work

As discussed in Section 2.2, several LD datasets have been pro-
posed. In this study, we conduct a comparison between our LanEvil
dataset and eight classical datasets, focusing on scenario diversity
and illusion categories. The detailed results are presented in Table 1.
Our LanEvil dataset exhibits two distinctive characteristics. @ Our
dataset covers various illusion categories. It’s worth noting that
while different illusions may appear in other datasets accidentally,
they have not been distinguished in detail and lack sophisticated
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design, limiting the possibility of conducting more in-depth re-
search on them. ® Our dataset is designed to be “Editable”. This
implies that customization is possible based on specific needs. In
future open versions, we plan to release the scene files to the public,
making our research more accessible and allowing others in the
community to benefit from and build upon our work.

A.3 Visualization

We present the complete visualization of all 14 illusion types in
Figure 1. Please note that the red border indicates the perturbed
image containing the environmental illusion, while the black border
indicates the original image used for comparison.

For additional visualizations and video results, please visit our
website https://lanevil.github.io/.

B ADDITIONAL RESULTS ON COMMERCIAL
SYSTEMS

B.1 OpenPilot Simulation

Table 2 shows the average ASR results of four illusion categories.
When the Required Success Time is set to 2.50 seconds, the ASR of
Road Crack, Shadow, and Reflection all exceeded 80%. Only the
Traffic Obstruction category has a lower ASR of 21.58%. This
is positive news for us, as Traffic Obstruction is a common occur-
rence on roads. Designers of autonomous vehicles should focus on
mitigating the impact of these types of illusions on autonomous
vehicle systems.

B.2 Apollo Simulation

We present experimental results utilizing Apollo for joint simu-
lation, as illustrated in Figure 3. The vehicle can drive smoothly
along the correct route in the original scene; while in the perturbed
scene, once encountering the edge of the lane line, the vehicle stops
moving. Quantitative results show that in the perturbed scene, the
vehicle stops moving after driving for 2s without steering control.
In the original scene, the vehicle’s turn control signal has already
appeared at 1.5s, and the vehicle continues to drive for 15s until
reaching the target point.

C LICENSE

The images in LanEvil dataset are released under the MIT License.
For detailed provisions governing the use of the LanEvil dataset,
please consult the official documentation at https://mit-license.org/.

D MORE DETAILS OF EXPERIMENT

D.1 Experimental Metrics

Accuracy. The detection Accuracy is defined as

chipcclip (1)

Accuracy = ,
Y ch ipscl ip
where C¢j;p, and Sy refer to the number of lane points predicted
correctly and the number of total ground truth points respectively
in the clip (or image). A lane point within 20 pixels the ground truth
point is considered correct. Lane predictions are considered to be
true positives(TP) only when more than 85% points are correct.

Anon. Submission Id: 1807

F1-score. We also employ F1-score defined as

F1 2 X Precision X Recall @
— score = ,
Precision + Recall

teiny, — _IP _ _TP ;
where P.reaszon = TP+FP and Recall = 75 75, corresponding the
harmonic mean of precision and recall.

D.2 Main Results

For better analysis, we present the breakdown results of each illu-
sion type in Accuracy and F1-score drop in Table 3, with detailed
results placed at Section D.4.

@ Breakdown results analysis. Similar to the results in Sec-
tion 4.2, both metrics demonstrated a decrease in the majority of
scenarios. However, there are also a few scenario indicators that re-
main essentially unchanged, and some even exhibit slight increases.
This instructs the designers of the auto-drive system to prioritize
attention to the more harmful illusion types.

® Comparison of different backbones. With the exception of
SCNN models using only the VGG backbone, all other models based
on the ResNet backbone show improved metrics with an increase
in the number of model layers. However, while there is an overall
performance improvement, the difference in metric decrease is not
significant. This suggests that merely increasing the depth of the
model may not be sufficient to effectively prevent environmental
illusions.

® Comparison of different severity levels. Figure 2 illustrates
the Accuracy drop of various models using ResNet-18 backbone
across different severity levels under 4 illusion categories. It is
evident that as the severity level increases, the rate of decline in
metrics shows a notable increase, particularly at level 5, where the
model’s indicators can decrease by more than 30%.

D.3 More Details of Noise Defense Methods

D.3.1  Supplementary Explanation. In Figure 6 of the main text, we
represent different illustration types using the numbers 1-14 due
to space limitations. We clarify that their order corresponds to the
sequence shown in Figure 1, where Road Crack is assigned the
number 1 and Vehicle Reflection is assigned the number 14.

D.3.2  Implementation Details. =~ PGD adversarial training [7].
The general process of adversarial training can be represented by
the following min-max formula:

llr;llelli( L(fo(I+6),locg) |, (3)

where § represents the tiny disturbance added to the input image
and € constrains the upper limit of the disturbance. PGD solves
the maximization problem in the above equation through iterative
attacks:

min E(Lloc,,)~D

vt = | [+ sgn(71L(fo (L) Tocgr))- @
I+e
In the PGD adversarial training process, we set € to 0.02, « to
0.001, and the iterations are 30.
Cutout [3]. Cutout randomly masks out square regions of the
input image during training to improve the robustness and gener-
alization of CNN. We apply cutout on the training set of LanEvil
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Table 1: Comparisons of LanEvil and other lane detection datasets. The “Size" column shows the number of images or frames
for videos. The “Editable” column shows whether the dataset supports custom editing.

Scenario diversity Illusion categories
Dataset Year | Size | Editable Scene Line Road Road Traffic .
. Shadow Reflection
type type type Damage Obstruction
- - Tioh
CalTech [1] 2008 video X urban - curve - vehicles ordinary, sunlight,
1224 few few
VPGNet [6] 2017 11;1(;115& X urban 8 curve - vehicles - -
TuSimple [12] | 2017 1r6r;a(1)g8e X highway - - - vehicles - -
. urban, . .
CULane[8] 2018 | mage X rural, - curve, - crowded road ordinary, dazzle light,
133K highway crossroad few few
LLAMAS [2] 2019 T(l)z%(e X highway - - - vehicles - -
urban, vehicles,
video highway, persons,
BDD-100K [15] | 2020 | /o X wonel, 11 - - bikes, - -
residential motors
image urban. 90% curve,
CurveLane [14] | 2020 150K X highway - S-curve, - vehicles - -
Y-lane
VIL-100 [16] 2021 video X ) 10 curve, road damage, crowded road ordinary, dazzle light,
10K crossroad few few few
urban, curve, . .
. highway, up/downbhill, ol crack, v, I fenc}e, strong sunlight,
. image v . . road repair, persons, rail, streetlight ;
LanEvil 2023 rural, 9 T-junction, X . . dazzy streetlight,
90K tire marks, bicycles, subtly desighed,
tunnel crossroad, . . y puddle
o ot guard rail  different traffic volumes challenging
residential roundabout

Table 2: Average ASR results under 8 chosen cases. 2.50s is
the Required Success Time proposed by [10], and the corre-
sponding columns in this table are bolded.

Required Success Time

Mlusion Type
1.75s 2.00s 2.25s 2.50s 2.75s
Road Crack 89.74% 87.18% 89.74% 92.31% 92.61%
Traffic Obstruction 18.95% 19.47% 21.05% 21.58% 22.63%
Shadow 72.88% 76.27% 77.97% 83.05% 83.76%
Reflection 79.50% 80.23% 81.91% 83.60% 84.32%

during the data loading process. Specifically, we add a fixed 256 x
256 zero mask to a random location of each input image.

Copy-paste [5]. Copy-paste is a data augmentation method that
copies a random subset of objects in one image and pastes them onto
the other image, which is usually used in instance segmentation.
In our experiments, we adopt similar ideas on the training set of
LanEvil , but paste half of one image onto the other one, making it
more suitable for lane detection. Specifically, for each target image
(I), we randomly select one from the remaining images as the
image to be copied (Iz). Then we randomly select a mask for the
left or right half of the 1280 x 720 image and generate a new image
by It X (1 — mask) + Iz X mask. Accordingly, we adjust the ground
truth annotations by preserving the complete existing lane lines in
two images and marking the removed part of lane lines as invisible
manually.

Augment HSV. Augment HSV manipulates the Hue, Satura-
tion and Value channels of an image to create new variations of
the original data with different colors, brightness, and contrast. In
our experiments, we set the range of HSV channel changes to the
original -0.5 to 0.5. We perform the transformation on the HSV
channel of the training set of LanEvil and then convert the HSV
space images back to BGR format.

D.4 More Results

As mentioned in Section D.2, we present the original results of
the experiment in this chapter. Table 4 displays the accuracy of
all models in both the original and perturbed scenarios, while Ta-
ble 5 presents the F1-score of all models in both the original and
perturbed scenarios.
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/i
Road Repair

Streetlight Reflection ~ Sunlight Reflection Vehicle Reflection
Figure 1: For each illusion type, we offer both the original and perturbed images. The original image is bordered in black,

whereas the corrupted image is bordered in red.
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581 Table 3: The breakdown results of each illusion type in Accuracy and F1-score drop (%). 639
582 640
583 (a) Results in Accuracy drop (%). 641
584 - - 642
ss5 Method Backbone Road Damage Traffic Obstruction Shadow Reflection o3
56 RoadCrack RoadRepair TireMarks GuardRail | Vehicle Bicycle Pedestrian |Fence Rail Streetlight Wire | Streetlight Sunlight Vehicle "
sg7 Res-18 -1.34 -1.23 -3.38 -1.10 -247  -2.54 -3.01 -5.56 -5.24 <792 -5.00| -4.56 -12.46 107 645
Res-34 -0.14 -1.39 -2.77 -0.30 -2.32 -1.98 -0.12 =201 -091  -170  -4.67| -5.08 -0.63 0.00
588 LaneATT [11] 646
Res-50 -0.60 -1.29 -2.39 -0.58 -2.53  -1.13 -3.02 -4.66 -273  -254  -3.93| -5.04 -2.93 0.00
589 647
Res-101 -0.10 -0.49 -2.31 -0.42 -1.22 -111 -3.07 -3.93 009  -298  -0.15| -3.40 -3.06 0.00
590 648
Res-18 -0.48 -1.90 -4.89 -0.22 -2.60  -1.66 -1.47 712 -675 571  -6.87| -4.87 -10.74 201
591 649
Res-34 -0.47 -2.14 -4.12 -0.01 -1.78 015 -0.44 -6.28 -748  -5.08  -7.60| -5.55 2991 -1.19
502 UFLD [9] 650
Res-50 -0.54 -1.57 -2.63 -0.06 -230  -1.87 -0.64 2796 -6.23 <652  -2.51| -3.84 <753 -1.34
593 Res-101 -0.26 -0.45 -0.42 -0.06 -0.84  -0.20 -0.28 -3.16 -3.02  -146  -3.78| -150 2391 -1.69 651
594 Res-18 -0.40 -3.70 -3.01 -158 | -418 <176 -312 |-1457 747 674 -797| -3.92 981 050 652
295 . Res-34 -0.21 -0.03 -2.75 -0.55 -3.35 0.2 -2.66 -4.67 -8.55  -6.98  -246| -4.51 -0.22  -0.42 053
BezierLaneNet [4]
596 Res-50 -0.38 -1.53 -3.33 -0.79 -4.58  -1.07 -1.97 -9.00 -515  -485  -3.52| -2.32 271 -0.45 654
597 Res-101 -0.10 -3.66 -1.93 -0.91 -0.79  -1.47 -1.76  |-11.50 -2.23  -2.14  -1.80| -2.05 -2.82  -0.10 655
598 Res-18 -2.38 -2.74 -5.21 -3.10 -6.06  -2.37 -3.99  |-14.80 -7.16  -10.99  -5.95| -7.62 -15.07 255 656
599 Res-34 -0.41 -2.33 -0.53 -3.11 -1.21 -0.06 -0.62 |-1277 -357  -0.13  -6.22| -8.72 -0.38  -1.58 657
GANet [13]
600 Res-50 -1.20 -2.00 -4.93 -1.76 -3.20  -0.60 -4.60 -9.96 -0.03  -0.08  -0.03| -1.58 -11.85  -1.67 658
601 Res-101 -0.56 -1.24 -2.21 0.02 -1.07  -247 -2.28 -2.64 -025  -082  -2.18| -236 -2.18  -1.84 659
602 SCNN [8] VGG -3.10 -0.01 -0.53 -1.53 314 -1.69 -2.61 -473 -456  -5.69  -239| -2.87 -6.65  -0.92 660
603 661
0t (b) Results in F1-score drop (%). 662
:z: Method ‘ Backbone Road Damage Traffic Obstruction Shadow Reflection ZZ:
RoadCrack RoadRepair TireMarks GuardRail | Vehicle Bicycle Pedestrian | Fence Rail = Streetlight Wire | Streetlight Sunlight Vehicle
607 665
Res-18 -3.82 -3.44 -3.32 -0.36 -5.96  -4.87 -6.67 -5.48 -13.83 -1528  -1075| -6.95 -25.62  3.15 e
608 Res-34 -3.16 -3.65 -1.77 -0.37 -6.40  -3.62 -3.06 -2.07 -750  -11.16  0.05 -2.00 -0.77  -0.01 66¢
609 LaneATT [11] 667
Res-50 -2.64 -1.25 -2.80 -0.38 -1.15 -1.18 -6.61 374 -6.72 -2.51 0.17 -5.90 2432 -0.02
610 Res-101 -2.63 -0.60 -1.64 -0.27 -2.64  -5.68 -1.25 -4.78  -831 -6.80  -10.22| -5.26 -24.83  -0.01 668
o1l Res-18 1.16 -1.20 -7.00 -0.20 -5.00  -3.07 -2.63 -8.27 -1278  -7.35  -12.07| -7.74 -17.30 191 669
612 UFLD [9] Res-34 0.00 -1.28 -0.91 -0.04 -2.65  -0.97 -1.63 -8.86 -3.41 -8.38 076 -2.78 -16.78  -1.63 670
613 Res-50 -0.04 0.03 -7.90 -0.08 -4.35  -137 -0.69 -9.09  -3.32 -5.86  -10.75| -8.87 -11.57 014 671
614 Res-101 -0.41 -1.38 -1.79 -0.04 -3.59  -0.05 -2.26 431 -0.62 -143  -11.70| -8.84 -3.65 011 672
615 Res-18 1.53 -1.74 -6.62 0.51 -8.70  -5.68 -7.96 -9.00 -11.68  -8.99  -11.91| -7.81 -1548  3.32 673
Res-34 -0.38 -0.58 -3.66 -0.16 -4.32  -0.29 -5.67 -2.28 -1234  -3.55  -10.81| -2.20 -2.05  -0.87
616 BezierLaneNet [4] €s 074
617 Res-50 -0.02 -0.85 -0.22 -0.15 -6.32  -2.55 -0.75 -5.01 -13.15 259 -5.69 -0.78 -4.42 0.02 675
018 Res-101 -0.29 -1.62 -7.59 -0.06 -8.21  -3.08 -337 |-1004 -050  -3.19  -7.84 0.16 -1520  -0.90 o6
610 Res-18 -3.29 -2.61 -5.76 -5.09 | -1447  -6.57 -9.81  |-22.05 -1639 -17.86  -8.40 | -13.94 -28.18  6.52 77
Res-34 -2.74 -1.65 -0.99 -5.70 -4.03  0.15 -3.23 | -22.87 -5.33 -5.28 817 -5.10 -24.26  -3.89
620 GANet [13] 678
Res-50 -3.15 -1.96 -1.81 -0.31 -0.16  -3.87 -9.88 |-2008 -6.03  -1534  -4.83 -4.95 -4.63  -2.18
621 679
Res-101 -2.65 -0.51 -3.73 -5.03 -3.18  -6.02 -1.18 -6.03 -497  -13.88  -3.56 -3.26 -9.69  -5.25
622 680
SCNN [8] \ VGG 7.74 -4.74 -3.06 -5.41 -8.06  -5.08 -7.24  |-17.62 -14.62  -1414  -13.57| -10.09 -16.50  -6.73 ’
623 681
624 682
625 683
626 684
627 685
628 686
629 687
630 688
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7 Table 4: The breakdown Accuracy results of each illusion type under original scenes and perturbed scenes (%).

698 755
699 L. 756
(a) Results under original scenes (%). 757
700
701 Method Backbone Road Damage Traffic Obstruction Shadow Reflection ::
702 RoadCrack RoadRepair TireMarks GuardRail | Vehicle Bicycle Pedestrian | Fence Rail Streetlight Wire | Streetlight Sunlight Vehicle ’
. 760
703 Res-18 76.87 82.16 85.67 64.29 72.79 77.19 77.93 79.88 85.95 85.82 90.47 78.17 79.72 80.27
704 L ATT [11] Res-34 78.80 83.84 86.58 64.00 75.69 78.35 79.69 79.15 86.22 89.42 92.13 79.50 80.53 80.22 761
ane.
705 Res-50 81.82 83.50 89.48 67.09 78.16 78.14 82.43 80.71 86.44 88.46 93.80 78.68 82.00 83.33 762
706 Res-101 80.84 85.20 91.60 68.77 81.70 77.81 82.37 82.96 89.45 90.31 93.66 78.57 85.85 84.30 763
707 Res-18 73.50 70.13 69.42 6429 | 7093 67.82 6358 |71.83 77.14 7006  7756| 69.99 7320  69.84 764
708 UFLD [5] Res-34 73.83 73.25 72.98 68.22 | 7114 6695 6389 |75.07 7671 7082  79.77| 72.95 7568  70.12 765
709 Res-50 76.04 73.07 74.90 70.90 70.89 68.95 65.66 76.11 79.44 70.10 81.51 75.97 74.92 71.18 766
710 Res-101 78.44 73.29 75.18 74.88 74.43 71.46 66.68 76.05 79.39 71.05 80.77 75.92 77.60 74.31 767
711 Res-18 71.95 83.05 75.05 70.37 77.85 72.96 72.30 71.18 82.11 73.96 84.82 75.80 76.35 71.55 768
. Res-34 72.28 83.95 74.96 74.12 80.38 73.31 73.37 72.64 85.76 77.33 86.06 79.45 78.88 73.10 769
712 BezierLaneNet [4]
713 Res-50 75.05 83.08 78.82 73.97 83.99 72.96 72.98 74.12 86.93 78.25 88.97 81.94 82.19 76.44 770
Res-101 75.04 83.43 79.43 76.22 87.86 72.19 72.66 77.74 88.25 78.00 91.94 81.97 82.24 80.27 771
714
715 Res-18 87.51 90.97 93.56 81.29 83.88 84.72 85.75 92.37 94.44 91.90 93.44 89.23 89.80 88.17 772
) GANet [13] Res-34 89.21 91.58 94.67 81.48 87.26 84.17 88.75 94.73 94.02 94.31 93.78 88.45 92.04 89.95 773
716 e :
Res-50 93.18 92.15 93.79 85.46 91.26 86.65 88.31 94.52 94.82 94.55 94.14 92.41 93.48 93.08 774
77 Res-101 93.40 92.65 94.14 85.44 93.36 86.27 88.79 94.15 94.52 94.76 94.52 94.16 94.42 92.42 775
718
SCNN [8] | vee | 745 71.22 72.49 7129 | 6555 7243 7156 | 6927 6735 7273  7089| 6661 69.42  70.82 .
719 ?
) 777
720 (b) Results under perturbed scenes (%).
778
721
I Road D Traffic Obstructi Shad Reflecti 779
722 Method ‘ Backbone ‘ oa amage ‘ rainc struction ‘ adow ‘ ellection
723 ‘ ‘ RoadCrack RoadRepair TireMarks GuardRail ‘ Vehicle Bicycle Pedestrian ‘ Fence Rail Streetlight Wire ‘ Streetlight Sunlight Vehicle 780
724 Res-18 75.52 80.93 82.29 63.19 7032 74.65 7493 | 7431 8071  77.89  8546| 73.60 67.26 8134 781
725 Res-34 78.66 82.45 83.80 63.70 73.37 76.37 79.57 77.13 85.31 87.72 87.46 74.43 79.90 80.22 782
LaneATT [11]
726 Res-50 81.22 82.21 87.09 66.52 75.63 77.01 79.41 76.05 83.70 85.92 89.88 73.64 79.07 83.33 783
797 Res-101 80.73 84.71 89.29 68.36 80.47 76.69 79.30 79.03 89.54 87.33 93.50 75.17 82.79 84.30 784
28 Res-18 73.02 68.23 64.53 6406 | 6833 6616 6211 | 6471 7039 6435 7070 | 65.11 62.46  71.86 785
726 UFLD [9] Res-34 73.36 71.11 68.86 68.21 69.36 66.79 63.46 68.79 69.23 65.75 72.16 67.40 65.77 68.92 786
730 Res-50 75.49 71.51 72.28 70.84 68.59 67.08 65.02 68.15 73.21 63.58 79.01 72.13 67.38 69.84 787
’ Res-101 78.19 72.85 74.76 74.82 73.59 71.26 66.40 72.89 76.36 69.59 76.99 74.42 73.70 72.62 788
731
732 Res-18 71.54 79.35 72.04 68.79 73.67 71.20 69.18 56.61 74.64 67.22 76.85 71.88 66.53 72.05 789
) . Res-34 72.06 83.91 72.20 73.57 77.03 73.09 70.71 67.98 77.21 70.35 83.60 74.94 78.66 72.67 o
733 BezierLaneNet [4] 790
Res-50 74.67 81.56 75.49 73.18 79.40 71.89 71.02 65.11 81.78 73.41 85.46 79.62 79.48 75.98 701
734 Res-101 74.95 79.78 77.50 75.32 87.07 70.71 70.90 66.24 86.02 75.86 90.14 79.92 79.42 80.17
. 792
35
7 Res-18 85.13 88.23 88.35 78.19 77.82 82.36 81.76 77.57 87.28 80.92 87.48 81.61 74.73 90.72 703
736 GANet [13] Res-34 88.80 89.25 94.14 78.37 86.05 84.11 88.13 81.96 90.45 94.18 87.55 79.74 91.66 88.37
; e 794
737 Res-50 91.98 90.15 88.86 83.69 88.06 86.05 83.71 84.56 94.79 94.47 94.11 90.83 81.63 91.41
738 Res-101 92.84 91.41 91.93 85.46 92.28 83.80 86.51 91.51 94.27 93.94 92.34 91.80 92.24 90.58 795
796
739 SCNN (8] ‘ VGG 71.41 71.21 71.95 69.76 62.41 70.74 68.95 64.54 62.80 67.04 68.50 63.74 62.77 69.90
740 797
798
741
742 799
743 800
744 801
45 802
746 803
747 804
805
748
749 806
750 807
751 808
752 809
753 810

811
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313 Table 5: The breakdown F1-score results of each illusion type under original scenes and perturbed scenes (%). 871

814 872

815 (a) Results under original scenes (%). 873

816 - - 874

o7 Method Backbone Road Damage Traffic Obstruction Shadow Reflection o5

o18 RoadCrack RoadRepair TireMarks GuardRail | Vehicle Bicycle Pedestrian | Fence Rail Streetlight Wire | Streetlight Sunlight Vehicle 76

410 Res-18 42.46 58.58 68.33 23.58 4564  57.02 53.73 | 47.11 62.13 5523  74.15| 53.16 5414 5178 77
Res-34 44.24 59.23 70.12 22.96 49.24 5843 56.95 | 50.66 63.67 5849  76.14| 55.12 5509  52.60

820 LaneATT [11] 878
Res-50 46.14 61.40 70.31 23.66 4877 61.02 59.64 |50.50 6733 5893  78.82| 56.52 58.40  51.98

821 879
Res-101 46.88 62.67 72.93 26.48 51.23  60.84 6146 | 5287 71.14 5920 8150 | 56.92 59.26  53.39

822 880
Res-18 36.44 28.67 29.00 10.91 3648  31.18 2733 | 27.25 4304 2839 4589 28.84 3337 3341

823 881
UFLD [5] Res-34 39.31 28.25 30.03 10.75 39.75 3351 27.26 | 29.63 46.08 3033  46.86| 28.21 3457  37.12

g24 Res-50 42.02 30.02 29.29 1312 | 4279 3559 2930 | 31.68 4625  32.82  48.84| 31.20 3627 37.57 882

825 Res-101 41.64 32.43 28.98 15.22 42,95  35.57 31.30 3530 49.79 3277 4940 | 32.14 39.54  41.39 883

826 Res-18 34.41 59.18 41.02 22.91 59.23  44.03 4566 | 3841 63.04 3594  66.82| 47.78 50.17 3076 884

827 . Res-34 35.08 58.52 40.97 25.73 62.63  44.55 48.57 | 40.63 66.87 3500  66.36| 49.14 50.39  33.58 885

BezierLaneNet [4]

828 Res-50 36.27 62.28 42.00 25.69 62.88  44.36 4778 | 44.11 7026 3673  68.55| 48.53 5278  36.52 886

829 Res-101 37.97 64.68 44.21 28.39 63.54  46.50 47.86 | 44.10 7051 4055 7143 | 48.71 56.04  37.37 887

830 Res-18 84.23 86.93 94.69 64.51 83.31  79.87 7887 | 87.13 9375 8432 9299 81.87 86.90  80.18 888

831 GANet [13] Res-34 87.43 90.19 94.85 67.59 86.76  83.37 80.49 | 90.59 9499 8334  9476| 8291 2080  79.58 889

€

832 Res-50 87.25 89.26 95.21 67.77 88.73  87.23 83.60 | 90.76 9548 8548 9533 83.14 91.15  83.25 890

833 Res-101 88.23 90.98 95.33 67.01 89.77  87.20 86.68 | 91.50 9582  87.67 9528 | 85.52 9288  85.91 501

834 SCNN [8] | veG | ses 37.94 63.96 4931 | 4230 5586 5429 | 5408 4616 4834 5191| 4069 5176 61.19 302

835 893

(b) Results under perturbed scenes (%).

836 894

ZZZ Method ‘Backbone‘ Road ‘DamAage A ‘ ’ll'raﬂicl Obstruction‘ ‘ AShadow' A ‘ ‘ ReﬂectiAon ‘ ZZ:
‘RoadCrack RoadRepair TireMarks GuardRall‘Vehlcle Bicycle Pedestnan‘Fence Rail Streetlight ere‘Streethght Sunlight Vehicle
8 Res-18 38.64 55.14 65.02 2322 | 3968 5215 4706 | 41.63 4829 3995 6341 4621 2853 5493 87
840 Res-34 40.40 56.20 68.27 2084 | 4618 58.10 5144 | 4658 61.67 5495  71.10| 54.83 4495  52.60 89
841 LaneATT [11] Res-50 44.91 61.38 67.61 23.49 4691  55.86 5580 | 46.78 61.14  48.84  69.95| 50.51 4362 5195 899
842 Res-101 43.64 6136 70.45 26.21 4892 56.90 61.18 | 48.00 61.53 5521  73.89| 5655 4697  53.36 900
843 Res-18 37.60 27.47 22.00 10.70 3147 2812 2469 | 1898 3027 2103  3381| 21.10 1607 3531 01
844 UFLD [9] Res-34 38.95 2731 25.81 1052 | 3532  31.68 2543 | 2347 4142 2177 4060 | 22.58 2116 36.93 902
845 Res-50 41.58 29.82 23.81 13.02 | 3857 3515 2713 | 2731 3727 3236  40.36| 2825 22.69  37.18 903
846 Res-101 41.45 3239 20.89 1518 | 39.82  34.67 28.66 | 2635 42.86 2845  49.16| 26.26 20.10  40.02 904
847 Res-18 35.94 57.44 3439 2343 | 5053 3836 3770 | 2941 5136 2695  54.91| 39.96 3468 34.07 905
848 BezierLaneNet [4] Res-34 34.88 58.02 37.89 2576 | 58.60  40.85 4503 | 3338 64.62 3133  5410| 4175 4932 3114 906
840 Res-50 35.89 62.14 35.78 2568 | 5744  40.88 4473 |3859 6849 3573  58.17| 41.04 4745  33.99 907
850 Res-101 37.93 62.86 39.06 28.31 58.14 4599  46.68 | 3537 5877  30.86  67.69| 44.20 4005  37.42 008
451 Res-18 80.94 84.32 88.93 59.41 68.84 7330 69.07 | 6508 77.35 6646  8459| 67.94 5872 86.69 900
g5 GANet [13] Res-34 85.11 87.97 94.49 6490 | 7204 8339 77.86 | 79.03 8335 6899  9252| 7279 6713 74.26 010
. Res-50 86.01 86.96 94.93 66.80 | 79.62  79.84 7506 | 6635 8172 8326 9213 | 76.66 83.84  82.64 o
. Res-101 85.15 88.97 96.40 6395 | 79.24 8552 85.60 | 78.79 84.87 8420  87.49| 77.11 67.04 8554 o
45 SCNN [38] \ VGG 64.55 33.20 60.90 4390 | 3424 5077 4705 |3645 31.54 3420  3833| 30.60 3526 54.46 o3
856 914
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(b) perturbed scenario

Figure 3: The shadow case causes Apollo to make incorrect
decisions.
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