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Abstract
Lane detection plays a crucial role in autonomous driving
systems, enabling vehicles to navigate safely and efficiently
in complex environment. Despite significant advancements
in recent years, accurate lane detection remains a challeng-
ing task, particularly in scenarios with occlusions, ambigu-
ous lane markings, and diverse lighting conditions. In this
paper, we propose the Global Enhancement and Optimiza-
tion Network (GEONet) for lane detection, which is designed
to refine both feature extraction and global feature transmis-
sion. Traditional approaches typically depend on deep convo-
lutional layer stacks for global feature extraction, a process
that often compromises inference speed and the precision of
global feature representation. In contrast, GEONet introduces
a novel and more effective methodology. We present the
Global Feature Extraction Module (GFEM), which is specif-
ically engineered to capture comprehensive global features
with higher accuracy. Additionally, we introduce the Top-
Tier Supplementary Module (TTSM), which enhances these
features through a bottom-up approach, improving overall
lane detection accuracy. To further bolster our framework,
we incorporate Whitening Batch Normalization (WBN) and
Whitening Contrastive Learning (WCL), which enhance fea-
ture robustness and ensure better generalization. In addi-
tion to our novel network design, we propose two new loss
functions to enhance lane detection accuracy. The General-
ized Rectangular Intersection over Union (GRIoU) Loss ex-
tends the predicted points into rectangles, optimizing overlap
and smoothness of lane predictions.The Angle Loss accounts
for angular differences between predicted and ground truth
lanes, improving alignment and continuity. Experimental re-
sults demonstrate that our proposed method significantly out-
performs current state-of-the-art lane detection techniques.

Introduction
Lane detection is the cornerstone of autonomous driving,
playing a vital role in vehicle localization and safe naviga-
tion. While deep neural networks (Glorot, Bordes, and Ben-
gio 2011) have advanced the field, lane detection remains
challenging, particularly in complex scenarios.

*Equal contribution.
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Figure 1: The following are examples of complex scenarios
in lane detection: (a) Curved lanes, where the application of
our Angle Loss method greatly improves detection accuracy.
(b) Lanes affected by strong glare, where leveraging global
semantic information is critical for effective detection. (c)
Lanes obscured by surrounding vehicles, presenting signif-
icant challenges for accurate lane identification. (d) Situa-
tions where lane markings are not present.

Earlier methods (Canny 1986; Hough 1962; Sobel, Feld-
man et al. 1968) depended heavily on manual parameter tun-
ing and edge-based techniques, which often resulted in vari-
ability and reduced performance under different conditions.
Modern approaches leveraging CNNs have improved feature
representation, yet accurately detecting lanes in complex
scenarios remains challenging. Recent studies (Pan et al.
2018; Zheng et al. 2021, 2022) introduced advanced meth-
ods such as lane coherence and cross-to-fine mechanisms to
enhance detection. However, these methods often struggle to
fully integrate global semantics with local features, leading
to inconsistencies in lane prediction. As illustrated in Fig 1,
various complex scenarios further complicate accurate lane
detection, emphasizing the need for a robust approach that
fuses global semantics with local details to adapt to diverse
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road conditions.
In complex scenarios, another prevalent issue in lane de-

tection is the model’s excessive focus on lightweight back-
bones to increase inference speed. Early neural network
models for lane detection employed instance segmenta-
tion and anchor-based object detection techniques, divided
into line anchor-based and row anchor-based methods. Line
anchor-based methods, such as Line-CNN (Li et al. 2019)
and LaneATT (Tabelini et al. 2021a), utilized predefined
anchors to accurately regress lane positions, demonstrating
high efficiency. In contrast, row anchor-based methods like
UFLD (Qin, Wang, and Li 2020) and CondLaneNet (Liu
et al. 2021a) predicted potential cells for each predefined
row, aiming for rapid inference. However, these methods of-
ten underperform in complex environments, lagging behind
more advanced and robust approaches

This paper introduces the GEONet framework, developed
with the understanding that successful lane detection in dif-
ficult scenarios heavily relies on a comprehensive grasp of
global context. To address this, we propose a novel method
for extracting global features, consisting of the Global Fea-
ture Extraction Module (GFEM) and the Top-Tier Supple-
mentary Module (TTSM). The GFEM processes feature
maps from the network’s backbone to capture precise and
extensive global information, which is then employed in
subsequent layers and seamlessly integrated into the classifi-
cation and regression modules via the TTSM, offering addi-
tional enhancement. Moreover, we present the Angle Loss,
which aims to harmonize the shapes of predicted and ground
truth (GT) lanes by taking into account their angular varia-
tions. The Generalized Rectangular Intersection over Union
(GRIoU) Loss further refines this approach by transforming
predicted points into rectangles to improve model accuracy
and ensure more consistent lane predictions compared to
the traditional Line IoU Loss. Furthermore, we initially im-
plemented Whitening Batch Normalization (WBN) as a re-
placement for the standard Batch Normalization (BN) in our
backbone network. Subsequently, we leveraged Whitening
Contrastive Learning (WCL) during the pre-training phase
to further boost the discriminative ability and robustness of
our features. Benchmark results clearly demonstrate the su-
periority of our approach in both accuracy and resilience.
The main contributions of our work are outlined as follows:

• We have significantly advanced lane detection capabili-
ties by introducing GEONet.

• The GFEM module captures semantic features while the
TTSM module optimizes computations, enhancing net-
work performance in complex scenarios.

• We integrate Whitening Contrastive Learning (WCL)
and Whitening Batch Normalization (WBN) to enhance
feature robustness and generalization.

• We propose the GRIoU Loss to optimize lane prediction
performance by improving overlap and smoothness, and
introduce Angle Loss to align predicted and ground truth
lanes.

• Our approach has been thoroughly validated on multi-
ple benchmark datasets, demonstrating its state-of-the-
art performance and robustness.

Related Work
Lane detection techniques utilizing CNNs can be broadly
categorized based on their lane representation approach:
those that rely on segmentation, anchor-based frameworks,
and methods centered on polynomial regression.

Segmentation-Based Methods

Recent advancements in lane detection have embraced pixel-
wise prediction strategies, recasting the problem as a se-
mantic segmentation task. While techniques like LaneNet
(Neven et al. 2018) have leveraged multi-task networks for
comprehensive learning, they often struggle with balanc-
ing accuracy and real-time performance. In contrast, meth-
ods incorporating self-attention mechanisms (Hou et al.
2019) have demonstrated improved efficiency, allowing for
lightweight network designs. However, these approaches
still rely on exhaustive pixel-by-pixel processing, ignor-
ing the holistic nature of lanes. Neural architecture search
(NAS) (Xu et al. 2020) has been explored as a means to op-
timize network structures for better accuracy, but the compu-
tational overhead remains prohibitive for widespread adop-
tion. Consequently, the quest for an efficient yet highly ac-
curate lane detection system that holistically perceives lanes
continues to be a research frontier.

Anchor-Based Methods

Anchor-based techniques enhance efficiency but face diffi-
culties in complex lane geometries or low visibility. Studies
like UFLD (Qin, Wang, and Li 2020) have advanced irregu-
lar lane detection speed and accuracy, but limitations persist.
A comprehensive approach merging global semantics and
local features is crucial for a breakthrough. Key milestone
studies, including LineCNN (Li et al. 2019) and LaneATT
(Tabelini et al. 2021a), have laid the foundation for this evo-
lution, while CLRNet (Zheng et al. 2022) has further refined
the methodology through its innovative anchor partitioning
system, striking a careful balance between detection preci-
sion and computational efficiency. However, the reliance on
static anchors poses challenges in adaptability to dynamic
environments, highlighting the need for more innovative so-
lutions, such as our enhanced methodology that significantly
extends the capabilities of the SOTA CLRNet (Zheng et al.
2022).

Polynomial-Regression-Based Methods

Departing from conventional CNN tactics, parameter curve-
based methods model lane lines through curve parameters
and detect them by focusing on the regression of curve pa-
rameters and related metrics such as confidence scores. This
category includes innovative solutions such as PolyLaneNet
(Tabelini et al. 2021b) and LSTR(Liu et al. 2021b), which
have significantly influenced the field. Additionally, Bezier-
LaneNet (Feng et al. 2022) uses Bezier curves to fit lane
lines and optimizes the computational bottleneck of LSTR,
making breakthroughs in both efficiency and accuracy.
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Figure 2: Overview of the proposed GEONet. Image data undergoes preliminary feature extraction through a wbn-processed
backbone network. Subsequently, the Feature Pyramid Network (Lin et al. 2017) and the Global Feature Extraction Module
(GFEM) generate informative feature maps. The GFEM employs a unique dual-branch structure to capture and integrate global
semantic information, crucial for enhancing lane detection accuracy. These feature maps are used for lane classification and
regression, while also being fused with global semantic information from the Top-Tier Supplementary Module (TTSM). Ad-
ditionally, the introduction of Angle Loss and GRIoU Loss significantly improves model performance. A pre-training strategy
based on WCL is also implemented to further boost the model’s effectiveness.

Method
Global Feature Extraction Module (GFEM)
Motivation. Integrating global semantic information into
traditional lane detection models which are based on CNNs
(Zheng et al. 2021, 2022; Qin, Wang, and Li 2020; Liu et al.
2021a; Qin, Zhang, and Li 2022) remains challenging, par-
ticularly in occluded or low-light conditions. These scenar-
ios demand sophisticated global information synthesis for
accurate detection. Conventional deep convolutional meth-
ods often struggle with such complexities. To address this,
we propose the Global Enhancement Module (GFEM), a
novel architecture that enhances the integration of global se-
mantics for improved feature synthesis.
GFEM Structure. The Global Enhancement Module
(GFEM) is designed with two parallel branches that work
together to extract refined global features. The left branch
processes the input feature maps through an MLP-mixer net-
work (Rumelhart, Hinton, and Williams 1986), which in-
cludes channel scaling and normalization. This branch es-
tablishes a foundational global feature framework but pri-
marily captures coarse features, lacking fine-grained de-
tail. The right branch utilizes a dilated convolution pro-
cess to expand the receptive field, allowing for broader
contextual analysis. After dilation, the feature map is di-
vided into P sub-blocks, distributed across h heads, where
pixel similarity is computed using a weighted sum approach.
This method enhances fine-grained features by focusing on
smaller segments while maintaining an overarching view
of long-distance spatial relationships, crucial for handling
complex scenarios. Additionally, we integrate the SimAm
block (Yang et al. 2021) to improve the depth and quality of
global semantic representation. By combining the outputs
from both branches, the module synthesizes their strengths,

resulting in a detailed and robust global feature set that sig-
nificantly enhances lane detection accuracy across various
driving conditions.

Top-Tier Supplementary Module (TTSM)
Motivation. The Top-Tier Supplementary Module (TTSM)
is intended to leverage the extensive global semantic in-
formation contained in the highest-level feature maps of
the neural network architecture. Inspired by the transfor-
mative potential of attention mechanisms in network depth
and complexity management (Vaswani et al. 2017), and their
successful application in visual tasks (Carion et al. 2020;
Dosovitskiy et al. 2020), TTSM aims to optimize the feature
distillation process between the Global Feature Extraction
Module (GFEM) and the network’s decision-making layers.
TTSM Structure. The structural essence of TTSM lies in its
dual approach to processing semantic information through
self-attention mechanisms (Vaswani et al. 2017). Initially,
the feature map L0, extracted from the network’s backbone,
undergoes transformation via a basic residual network ϕ to
enhance its semantic richness. This processed feature map,
denoted as Ftop, is subjected to two distinct self-attention
operations, Auxihead1 and Auxihead2, aimed at optimiz-
ing feature representations for both classification and regres-
sion tasks. Furthermore, the Dropkey operation on the atten-
tion output serves as a regularization technique, preventing
overfitting and improving generalization:

Ftop = ϕ(ϕ(L0)), (1)

S1, S2 = Auxihead1(Ftop), Auxihead2(Ftop), (2)

S′
1, S

′
2 = g(S1), g(S2), (3)
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where ϕ represents a simple residual network, and g repre-
sents Dropkey operation. Auxihead1 and Auxihead2 rep-
resent multi-head self-attention mechanism(Vaswani et al.
2017) and Vision Transformer (ViT) .

The TTSM module leverages the power of self-attention
to capture long-range dependencies and global contextual
information from the top-level feature maps. By apply-
ing self-attention separately for classification and regres-
sion tasks, TTSM enables the network to learn task-specific
global representations, enhancing its ability to handle com-
plex lane detection scenarios.

Whitening Batch Normalization (WBN)
Batch Normalization. For a Batch Normalization (BN)
layer that processes a batch of D-dimensional vectors X =
x1, · · · , xB ∈ RD×B , its output is a batch of normalized
vectors Y = y1, · · · , yB ∈ RD×B , computed as follows:

yi,k =
xi,k − µk√

σ2
k + ϵ

· γk + βk (4)

for all i ∈ {1, · · · , B} and k ∈ {1, · · · , D}, where γ, β are
learnable affine parameters, ϵ is a small constant originally
proposed for numerical stability. In training time, µk, σ

2
k are

mean and variance computed over the k-th row of the input
batch X , and in inference time, running estimations from
training time is used.

Domain-specific Whitening Transform. As previously
mentioned, BN involves standardizing each sample xi ∈ B
based on its dimensions. However, this means that even af-
ter normalization, the features of batch samples may still be
correlated. Essentially, BW involves transforming the data to
have zero means and unit variances, while also decorrelating
the features via principal component analysis.

BW(xi,k; Ω) = γkx̂i,k + βk, (5)
x̂i = WB(xi − µB). (6)

In our network, we define the WBN to comprehensively
replace the BN layers. Using Eq. (5)-(6) we can now define
our WBN. Let xs denote the inputs to the WBN layer from
the target domain. Our WBN is defined as follows

WBN(xt; Ωt) = BW (xt,Ωt). (7)

Whitening Contrastive Learning (WCL)
Motivation. To ensure optimal performance, we need to
guarantee that (1) embeddings of images do not come from a
degenerate distribution that might lead all representations to
collapse into a single feature distribution point; (2) the pairs
of positive images (xi, xj) with similar semantics should be
grouped closely together.
Definition. We donate the number of positive samples per
image denoted as d. Let N represent the number of origi-
nal images, and consider a batch of samples B = x1, ..., xk,
where K = Nd. We obtain the corresponding batch of fea-
tures, denoted by V = {v1, ...vk}, using the aforemen-
tioned approach. In our proposed W-MSE loss, we calcu-
late the mean squared error (MSE) across all Nd(d − 1)/2

positive pairs, satisfying the constraint through reparameter-
ization of the v variables with the whitened variables z.We
have formulated this problem as follows:

minθ E[dist(zi, zj)] (8)

LWCL(V ) =
2

Nd(d− 1)

∑
dist(zi, zj) (9)

Here, the sum is over all (vi,vj) ∈ V , with pos(i, j) =
true, and z = Whitening(v) representing the whitened
variables. Specifically, we have

Whitening(v) = WV (v − µV ) (10)

Eq. 10 defines µV as the mean of the elements in V :
µV = 1

K

∑
k vk. The matrix WV is determined such that

W⊤
V WV = Σ−1

V , where ΣV denotes the covariance matrix
of V .

ΣV =
1

K − 1

∑
k

(vk − µV )(vk − µV )
T (11)

The proposed loss function in Eq. 9 operates on the
premise that it penalizes distant positive pairs, thereby en-
couraging g(E(·)) to reduce their inter-positive distances.
Before formal training, we pre-train our model using WCL,
which enables the image embeddings to have a favorable
distribution, laying a solid foundation for subsequent train-
ing.

Generalized Rectangular Intersection over Union
Loss (GRIoU Loss)
Motivation. The GRIoU loss aims to optimize the overlap
between predicted and ground truth lane points while intro-
ducing a geometric penalty term to ensure smoother lane
predictions. By utilizing rectangular regions, the GRIoU loss
is designed to better capture the spatial relationships be-
tween lane markings, especially in complex scenarios where
lanes can exhibit various orientations and curvatures. Penal-
izing the distance between the predicted and ground truth
rectangular regions ensures that the model produces more
accurate and consistent lane predictions, even in challeng-
ing driving environments.
Definition. Let P = (xP

i , y
P
i )

N

i=1 and G = {(xG
i , y

G
i )}Ni=1

denote the sets of predicted and ground truth lane points,
respectively, where N is the number of points. For each
pair of consecutive points (xP

i , y
P
i ) and (xP

i−1, y
P
i−1) in

P , we define a rectangular region RP
i with a length of√

(xP
i − xP

i−1)
2 + (yPi − yPi−1)

2 and a width of 2e, where
e is a predefined constant. Similarly, we define rectangular
regions RG

i for each pair of consecutive points in G. The
GRIoU Loss LGRIoU is defined as:

LGRIoU = 1−
∑N

i=1 d
GI
i∑N

i=1 d
GU
i

(12)

where dGI
i and dGU

i are calculated as:
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dGI
i =

{
IoU(RP

i , R
G
i )−

X−min(X,Y )
X , if 2 ≤ i ≤ N

IoU(RP
i , R

G
i ), if i = 1

(13)

dGU
i =

{
1, if 2 ≤ i ≤ N

IoU(RP
i , R

G
i ), if i = 1

(14)

where X and Y represent the areas of the bounding
boxes for the predicted and ground truth lanes, respectively,
IoU(RP

i , R
G
i ) is the intersection over union of the predicted

and ground truth rectangular regions, and Sbound(R
P
i , R

G
i )

is the area of the smallest bounding box that encloses these
regions.

Figure 3: Visualization of Angle Loss

Figure 4: Visualization of GRIoU Loss

Angle Loss
Motivation. Angle Loss is designed to align the predicted
lane with the ground truth by accounting for the angular dif-
ferences between them. This strategy is particularly effective
in ensuring the smoothness and continuity of lane lines, es-
pecially in complex driving environments.
Definition. Angle Loss functions to reduce the angular de-
viation between predicted and actual lanes. This deviation is
quantified by the angles formed between consecutive points
on the predicted and ground truth lanes.

Firstly, the coordinates of a predicted lane point are
defined as (xP

i , y
P
i ), and the corresponding GT point is

(xG
i , y

G
i ). The total angle θ between the predicted lane and

the ground truth (GT) lane is defined as the average of the
angles between the individual short lines. It is calculated as
follows:

θ =
1

N − 1

N∑
i=2

θi (15)

where the angle θi between them is expressed as follows:

θi = arctan


(

yP
i −yP

i−1

xP
i −xP

i−1

)
−

(
yG
i −yG

i−1

xG
i −xG

i−1

)
1 +

(
yP
i −yP

i−1

xP
i −xP

i−1

)(
yG
i −yG

i−1

xG
i −xG

i

)
 (16)

The final angle loss is quantified using the cosine function
as follows:

LAngle = 1− cos θ (17)

Experiment
Datasets Utilized
Our experimental investigations leverage two prominent and
extensively benchmarked datasets in the realm of lane detec-
tion: CULane (Pan et al. 2018) and Tusimple 1.

Experimental Details
We apply ResNet (He et al. 2016) and DLA (Yu et al. 2018)
as our pre-trained backbones. Input images are resized to
800×320 for all datasets. Data augmentation methods in-
clude random affine transformations, such as translation, ro-
tation, scaling, and horizontal flips. The AdamW optimizer
with a cosine decay learning rate strategy is employed for
optimization. For the CULane and TuSimple datasets, we
first perform WCL pre-training for 15 epochs with a learn-
ing rate of 4e-4 and a batch size of 40, followed by formal
training for 15 epochs with a learning rate of 6e-4 and a
batch size of 24, and then 70 epochs with a learning rate of
1e-3 and a batch size of 40. The weight for the angle loss is
set to 15 across all datasets, and the interplay between the
GRIoU Loss and Angle Loss is finely tuned through a hy-
perparameter α, which governs their relative contributions
to the overall loss function:

Lcomb = α× LGRIoU + (1− α)× LAngle. (18)
Training was performed on a GeForce RTX 4090 GPU.

This configuration ensures a balanced optimization of pre-
diction accuracy, feature robustness, and lane shape align-
ment, enhancing lane detection performance in complex sce-
narios.

Contrasting Our Results with SOTA Approaches
CULane Dataset. We conduct a rigorous analysis of our
method’s performance on the CULane dataset, situating it
within the context of other advanced techniques. By lever-
aging the DLA34 architecture (Yu et al. 2018), we attained
a notable F1@50 score of 82.18, underscoring the efficacy

1https://github.com/TuSimple/tusimple-benchmark/
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Method Backbone F1@50 mF1 F1@75 Arrow Cross Crowded Dazzle Shadow Night No line Normal
FOLOLane ERFNet 78.80 - - 89.00 1569 77.80 75.20 79.30 74.50 52.10 92.70
SGNet ResNet34 77.67 - - 87.97 1373 75.41 67.75 74.31 72.69 50.90 92.07
UFLDv2 ResNet34 76.0 - - 88.80 1910 74.80 65.50 75.50 70.80 49.20 92.50
CANet ResNet101 79.86 - - 90.18 1196 78.74 70.07 79.35 74.91 52.88 93.60
CondLane ResNet34 78.74 53.11 59.39 89.89 1387 77.14 71.17 79.93 73.92 51.85 93.38
LaneATT ResNet122 77.02 51.48 57.50 86.29 1264 76.16 69.47 76.31 70.81 50.46 91.74
LaneATT ResNet34 76.68 49.57 54.34 88.38 1330 75.03 66.47 78.15 70.72 49.39 92.14
UFLD ResNet34 72.30 - - 85.70 2037 70.20 59.50 69.30 66.70 44.40 90.70
UFLD ResNet18 68.40 38.94 40.01 81.00 1743 66.00 58.40 62.80 62.10 40.20 87.70
CLRNet ResNet101 80.13 55.55 62.96 89.79 1262 78.78 72.49 82.33 75.51 54.50 93.85
CANet ResNet34 79.16 - - 90.09 1176 77.88 73.11 75.06 73.92 51.68 93.58
CLRNet DLA34 80.47 55.64 62.78 90.62 1155 79.59 75.30 82.51 75.37 54.58 93.73
CondLane ResNet101 79.48 54.83 61.23 90.16 1201 77.44 70.93 80.91 74.80 54.13 93.47
LaneAF DLA34 77.41 50.42 56.79 86.88 1360 75.61 71.78 79.12 73.03 51.38 91.80
E2E ERFNet 74.00 - - 85.80 2022 73.10 64.50 74.10 67.90 46.60 91.00
SCNN VGG16 71.60 38.84 39.84 84.10 1990 69.70 58.50 66.90 66.10 43.40 90.60
RESA ResNet50 75.30 47.86 53.39 88.30 1503 73.10 69.20 72.80 69.90 47.70 92.10
CLRNet ResNet34 79.73 55.14 62.11 90.59 1216 78.06 74.57 79.92 75.02 54.01 93.49
PINet Hourglass 74.40 46.81 51.33 83.70 1427 72.30 66.30 68.40 67.70 49.80 90.30
CLRNet ResNet18 79.58 55.23 62.21 90.25 1321 78.33 73.31 79.66 75.11 53.14 93.30

GEONet(ours) ResNet18 81.65 57.25 65.06 91.91 1061 80.80 75.63 83.38 76.67 55.41 94.88
GEONet(ours) ResNet34 83.07 57.27 64.93 92.31 1097 81.15 77.13 83.52 77.54 55.89 95.04
GEONet(ours) ResNet101 82.13 58.23 65.06 93.10 1184 81.25 76.34 83.38 77.60 56.51 95.13
GEONet(ours) DLA34 82.18 57.85 66.02 92.80 1184 81.90 77.52 84.33 78.12 57.21 96.01

Table 1: Leading Perforfmance Achievements on the CULane Dataset.

Method Backbone Acc(%) FP(%) F1(%)
FOLOLane ERFNet 96.92 4.47 96.59
UFLDv2 ResNet34 95.56 3.18 96.22
RESA ResNet34 96.82 3.63 96.93
LaneATT ResNet34 95.63 3.53 96.77
LaneATT ResNet122 96.10 5.64 96.06
UFLD ResNet34 95.86 18.91 88.02
CANet ResNet34 96.66 2.32 97.44
CANet ResNet101 96.76 1.92 97.77
CondLaneNet ResNet34 95.37 2.20 96.98
CondLaneNet ResNet101 96.54 2.01 97.24
CLRNet ResNet18 96.84 2.28 97.89
CLRNet ResNet34 96.87 2.27 97.82
CLRNet ResNet101 96.83 2.37 97.62

GEONet(ours) ResNet18 96.90 1.83 98.21
GEONet(ours) ResNet34 96.91 1.98 98.17
GEONet(ours) ResNet101 96.88 2.01 98.06

Table 2: Unmatched Performance on the TuSimple Bench-
mark: Our approach sets a new standard, with F1 scores cal-
culated using the official source code.

of our approach. When utilizing ResNet18 (He et al. 2016)
as the backbone, our method achieved an F1@50 score of
81.65, surpassing CLRNet (Zheng et al. 2022) (ResNet18)
by 2.07 points. Furthermore, with ResNet34, our approach
yielded an F1@50 score of 83.07, further affirming the ef-
fectiveness of our global semantic strategy in enhancing lane
detection accuracy.
TuSimple Dataset. The differences in performance between
various methods are relatively slight, indicating that further
improvements on this dataset may be reaching a plateau.

Angle Loss GRIoU Loss WCL WBN TTSM GFEM F1@75 F1@50 mF1
✓ ✓ ✓ ✓ ✓ ✓ 64.81 81.81 56.93
✓ ✓ ✓ ✓ ✓ 64.58 81.64 56.75
✓ ✓ ✓ ✓ 64.14 81.25 56.41
✓ ✓ ✓ 63.71 80.96 56.25
✓ ✓ 63.23 80.57 53.20
✓ 62.90 80.47 55.86

Table 3: Evaluation of Each Technique Through Ablation
Study: Results derived using a ResNet18 backbone on the
CULane dataset.

Nonetheless, our method achieves a remarkable F1@50
score of 98.21, surpassing the current leading approach by
0.32 points.

Ablation Study
We conducted ablation experiments on GEONet to evaluate
key components like angle loss, residual blocks, the Whiten-
ing module, and GRIoU loss. Each component improved
model accuracy and robustness, particularly in complex sce-
narios, validating GEONet’s design and guiding further op-
timization.
Comprehensive Ablation Analysis. We first evaluated the
impact of introducing Angle Loss and GRIoU Loss into
our baseline model, which improved the F1@50 score from
80.12 to 81.28. Subsequent ablation studies focused on
the contributions of other key modules. The inclusion of
WCL and WBN modules led to further improvements, with
F1@75 increasing to 64.81, F1@50 to 81.81, and mF1
to 56.93, proving that WCL contributed to a more robust
and discriminative embedding space, while WBN helped
in normalizing the feature maps to a more uniform dis-
tribution. When the GFEM module was excluded, F1@50
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Figure 5: Performance Visualization of Lane Detection Methods on CULane: LaneATT, CLRNet, GEONet (Ours), and Ground
Truth.

Residual blocks F1@75 F1@50 mF1 No line Shadow
No TTSM 62.88 80.44 55.82 53.71 80.52
4 × blocks 62.94 80.49 55.74 54.52 81.39
3 × blocks 63.19 80.45 55.77 53.79 82.70
2 × blocks 63.34 80.69 55.88 55.03 82.38
1 × blocks 62.98 80.46 56.01 54.46 81.97
0 × blocks 62.90 80.41 55.81 53.97 82.09

Table 4: Investigation into the Impact of Residual Block
Quantity in TTSM.

slightly decreased to 81.64, and F1@75 to 64.58, indicating
GFEM’s critical role in enhancing performance. Removing
both TTSM and GFEM led to a further decline in F1@50
and F1@75, demonstrating that these modules contribute
significantly to multi-scale feature extraction and overall ac-
curacy. Finally, when only Angle Loss was used, the model’s
performance dropped to the lowest, with F1@75 at 62.90,
F1@50 at 80.47, and mF1 at 55.86, highlighting the impor-
tance of integrating all these components for optimal lane
detection performance.

Ablation Study on TTSM’s Number of Residual Blocks.
To rigorously assess the impact of residual block quantity
within TTSM, we performed an ablation study as depicted
in Table 4. This study investigates the number of residual
blocks (He et al. 2016) in TTSM.The result demonstrates
the impact of the number of residual blocks in the Top-Tier
Supplementary Module (TTSM) on the performance of the
lane detection model. The study indicates that using 0 or
1 residual block results in insufficient global semantic en-
hancement, leading to performance below the baseline. Con-
versely, using 3 or 4 blocks causes a decline in performance
due to the loss of fine details. The optimal configuration
is 2 residual blocks, which significantly improves F1@75,
F1@50, and excels in challenging scenarios like ”Shadow,”
confirming the importance of balancing the number of resid-
ual blocks to enhance overall model performance.

Ablation Study on Loss. To evaluate the effectiveness of
GRIoU loss compared to other commonly used loss func-
tions (IoU loss), we conducted ablation studies on the CU-

Loss Function AL’ Weight F1@75 F1@50 mF1

0 61.23 79.58 54.21
10 61.35 79.75 54.62

IoU Loss 15 61.61 79.81 54.76
20 61.12 79.65 54.42
25 61.15 79.54 53.95
0 62.89 80.45 55.82

10 63.30 80.62 55.95
GRIoU Loss 15 63.44 80.65 56.22

20 63.08 80.49 55.71
25 62.61 80.39 55.74

Table 5: Evaluation of Angle Loss Weight Variations in Ab-
lation Studies.

Lane dataset. In addition, we focused on optimizing the
weight parameter of the Angle Loss to elucidate its influ-
ence on model accuracy, by incorporating GRIoU Loss and
IoU Loss with Angle Loss under different weights. Using
ResNet18 as the baseline model, all models were trained for
15 epochs with a learning rate of 1e−3 and batch size of 24.
Table 5 shows the performance of different loss functions.
The results indicate that GRIoU loss provides more precise
and consistent alignment with ground truth lanes, thus im-
proving overall lane detection accuracy. Furthermore, a judi-
ciously calibrated weight for the Angle Loss can help maxi-
mize model performance, particularly under complex detec-
tion conditions.

Conclusion

In this work, we introduce GEONet, an innovative lane
detection framework tailored for complex scenarios. Key
advancements include GFEM and TTSM modules for en-
hanced global feature extraction and optimization. GRIoU
and Angle Loss further refine predictions and lane shape
alignment. Notably, GEONet integrates Whitening Batch
Normalization (WBN) into its architecture and employs
Whitening Contrastive Learning (WCL) during pre-training
to bolster feature robustness and generalization. Experimen-
tal results on CULane and TuSimple datasets demonstrate
GEONet’s state-of-the-art performance and robustness, val-
idating the effectiveness of its components.
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