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ABSTRACT
Video instance lane detection is one of the most important tasks in
autonomous driving. Due to the very sparse region and weak con-
text in lane annotations, accurately detecting instance-level lanes
in real-world traffic scenarios is challenging, especially for scenes
with occlusion, bad weather conditions, dim or dazzling lights. Cur-
rent methods mainly address this problem by integrating features
of adjacent video frames to simply encourage temporal constancy
for image-level lane detectors. However, most of them ignore lane
shape constraint of adjacent frames and geometry consistency of in-
dividual lanes, thereby harming the performance of video instance
lane detection. In this paper, we propose TGC-Net via temporal and
geometry consistency constraints for reliable video instance lane
detection. Specifically, we devise a temporal recurrent feature-shift
aggregationmodule (T-RESA) to learn spatio-temporal lane features
along horizontal, vertical, and temporal directions of the feature
tensor. We further impose temporal consistency constraint by en-
couraging spatial distribution consistency among the lane features
of adjacent frames. Besides, we devise two effective geometry con-
straints to ensure the integrity and continuity of lane predictions by
leveraging pairwise point affinity loss and vanishing point guided
geometric context, respectively. Extensive experiments on public
benchmark dataset show that our TGC-Net quantitatively and qual-
itatively outperforms state-of-the-art video instance lane detectors
and video object segmentation competitors. Our code and our re-
sults have been released at https://github.com/wmq12345/TGC-Net.
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1 INTRODUCTION
Video instance lane detection (ViLD) is the process of automatically
perceiving the shape, position and instance label of multiple lanes
to ensure cars to follow the lanes precisely. ViLD facilitates many
advanced driving assistance applications, such as trajectory plan-
ning and lane departure, and becomes one of the most fundamental
and challenging task for autonomous driving. However, robust and
accurate lane detection under diverse real-world traffic scenarios is
still challenging, especially in harsh scenes with severe occlusion,
bad weather conditions, dim or dazzle lights.

Although many early studies focus on image-level lane detec-
tion [9, 16, 19, 21, 38], considering car cameras can collect streaming
videos, ViLD much better satisfies the real-world requirements of
autonomous driving oriented lane detection. Recently, Zhang et
al. [37] collected a public video instance lane detection benchmark
dataset, VIL-100, and present a multi-level memory aggregation net-
work (MMA-Net) for ViLD. However, state-of-the-art ViLD meth-
ods, represented by MMA-Net, mainly concentrate on extending
image-level lane detectors to handle videos by integrating temporal
consistency of adjacent video frames. Almost all of them neglect
lane shape constraint of adjacent frames and geometry consistency
of individual lanes, thus degrading the accuracy and robustness of
video instance lane detection.
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Note that, lanes usually have specific structure with long and
continuous shapes and are always parallel to each other, thus multi-
ple lanes always converge to the same vanishing point in each video
frame. The above observations have been explored in image-level
lane detection. For individual lane structure, slice-by-slice convolu-
tions are used within lane feature tensors to pass structural message
from horizontal and vertical directions respectively [19, 38], tomain-
tain the long and continuous lane structure. First- and second-order
structural constraints are used to encourage adjacent lane points
consistency and straight line prior, respectively [21]. For multiple
lanes, vanishing point detection is found to be a beneficial auxil-
iary task for image-level lane detection [9]. However, both single
lane structural prior and vanishing point guided multi-lanes global
constraint have never been explored in ViLD, wherein both tem-
poral consistency and geometry constraint are equally important.
For difficult scenarios, e.g., lanes are heavily occluded or damaged,
low quality features extracted from single frames cannot support
reliable ViLD if without jointly considering temporal consistency
and geometry constraint.

To address this problem, in this paper, we propose a new model,
namely TGC-Net, via temporal and geometry consistency con-
straints for reliable ViLD. Specifically, we devise a temporal re-
current feature-shift aggregation module (T-RESA) to learn spatio-
temporal lane features along horizontal, vertical, and temporal
directions of the feature tensor. As an effective generalization to
RESA [38], we slice the feature tensor in vertical and horizontal
directions for each frame and apply bi-directional spatial aggre-
gation of lane shape features with different strides. Each spatial
aggregation corresponds to a unidirectional temporal aggregation
to pass lane shape features to corresponding slice of current frame
to its next frames. We further impose temporal consistency con-
straint by encouraging the spatial distribution consistency among
the T-RESA generated lane shape features of adjacent frames. At
the same time, we propose two effective geometry constraints to
ensure the integrity and continuity of video lane predictions by
leveraging pairwise lane point affinity loss and vanishing point
guided geometric context, respectively. Both temporal consistency
and geometry consistency constraints are integrated as training
loss functions of the proposed TGC-Net, to guarantee the accuracy
and robustness of ViLD.

The major contributions of this paper are three-fold:
• We propose a novel and effective architecture, TGC-Net, for
video instance lane detection (ViLD) by jointly considering
temporal and geometry consistency constraints. Compared
with lane shape information propagated within single frame
and simply encouraging temporal feature constancy, our
model is more robust and accurate for harsh real-world traffic
scenarios.

• We introduce two simple yet effective geometry consistency
constraints to guarantee the lanes integrity and continuity,
which can benefit the study for both image-level and video-
level lane detection.

• The proposed method achieves the state-of-the-art perfor-
mance comparedwith recent ViLD detectors and video object
segmentation competitors on the public benchmark dataset
VIL-100.

2 RELATEDWORK
2.1 Lane Detection
Conventional lane detection exploits hand-crafted low level fea-
tures or specialized features [2, 11, 25, 33], and usually suffers from
poor robustness. Recently, lane detection methods based on deep
learning achieve significant success and they can be divided into
image-based methods [4, 5, 9, 13, 16, 19, 21, 24, 26, 27, 38] and
video-based methods [37]. For image-based methods, LaneNet[16]
combines the binary lane segmentation and pixel embeddings, and
then uses clustering to generate instance lanes. VPGNet [9] uses
a multi-task lane detection network guided by vanishing points.
UFSA [21] divides the image into grids and then scans grids for
lane locations. SAD [5] employs attention distillation between dif-
ferent CNN layers to capture richer scene contexts. Considered the
structural characteristics of lanes, IntRA-KD [4] employs knowl-
edge distillation to transfer structural knowledge from teacher to
student models. SCNN [19] propagates sliced feature map between
adjacent rows and columns along vertical and horizontal directions.
Inspried by SCNN, RESA [38] further passes information in a par-
allel way to reduce time cost. PolyLaneNet [27] regresses each lane
instance using a deep polynomial. LSTR [13] describes lanes with
explicit mathematical formulas derived from the road structure
and camera poses. In [26] and [24] anchors are predefined, which
are then used to regress for the relative coordinates of each lane.
Different from the above methods that detect lanes from individual
images, in [37] the first lane instance detection dataset was built
and a video-based lane detection baseline method MMA-Net was
developed by utilizing the features of historical frames to help the
segmentation on the current frame. Benefit from integrating fea-
tures of adjacent video frames, MMA-Net outperforms image-based
methods by a large margin. However, MMA-Net totally ignores lane
distribution consistency prior among adjacent video frames and ge-
ometry consistency prior of each lane instance. Further inspired by
previous structure-aware image-based lane detection method [38],
in this paper we develop a video instance lane detection network
TGC-Net to fully explore both temporal and spatial information.

2.2 Video Object Segmentation
The classical video object segmentation (VOS) methods are also
applicable for ViLD. The former segments for general objects, while
the latter focuses on the specific structure of lanes, which has long
and thin structural property. Early video object segmentation meth-
ods rely on the temporal label propagation [1, 10, 17] based on
heuristic cues. These traditional methods cannot effectively deal
with the challenging situations of severe occlusion, large displace-
ment and so on. Recent deep-learning based methods have shown
great advantages and they can be divided into zero-shot meth-
ods [6, 7, 23, 32, 34, 39] and one-shot methods [8, 12, 18, 22, 35, 36].
They differ in that the former does not require the true instance
segmentation of the first frame while the latter does. For zero-shot
methods, object saliency was exploited in [6, 23] and motion and
appearance were integrated in [7, 39]. In [32], both spatial and
temporal consistency are considered within frames. VisTR [34]
verifies the effectiveness of Transformer[31] in video object seg-
mentation. For the one-shot VOS, GAM [8] learns the appearance
of targets and background in a single forward pass to avoid online
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Figure 1: Schematic illustration of the proposed TGC-Net. Overall architecture is composed by Encoder, T-RESA module and
Decoder. ‘D’, ‘U’, ‘R’, and ‘L’ denote downward, upward, rightward, and leftward information passing respectively per stage in
T-RESA module for each video frame. These four direction information passing within a frame combined with synchronous
passing across frames complete a spatio-temporal information propagation. We repeat𝑚 stages in T-RESA module.𝑚 is set to
be 5 in our method.

fine-tuning. To cope with object occlusion and drifting, STM [18]
leverages a memory network and performs pixel-level matching to
find objects that are similar to the target objects from past frames.
Based on STM [18], KMN [22] applies a Gaussian kernel to reduce
the mismatched pixels, RMNet [35] uses a local-to-local matching
based on the optical flow estimated from the previous frame. The
accuracy of segmentation can be further improved by enhancing
the quality of boundary segmentation [12]. TVOS [36] follows a
label propagation approach by combining the annotation of the first
frame and historical frames. The above methods verify that tempo-
ral continuity provides a strong clue for video tasks. Especially in
video instance lane detection, car cameras always take streaming
videos on the way and it is highly desirable to leverage temporal
consistency in dynamic videos to resolve the in-frame ambiguities
that are common in image-based lane detection. Moreover, contin-
uous video instance lane detection is indispensable for advanced
driving assistance system (ADAS) [14, 15, 28], such as lane change,
trajectory planning, and autonomous navigation. Motivated by this,
we propose a new TGC-Net equipped with temporal and structural
consistency constraints among adjacent video frames in this paper.

3 OUR APPROACH
3.1 Overview
Figure 1 shows the schematic illustration of our video instance
lane detection network (TGC-Net), which explores more tempo-
ral/structural consistencies between adjacent video frames and
geometry consistency prior of each individual lane. For current (tar-
get) frame I𝑡 , our TGC-Net starts with an ordered video sequence
I𝑡 , I𝑡−1, · · · , I𝑡−𝑇+1 drawn from the input lane video stream, i.e.,
the current frame and 𝑇 − 1 historical frames just before that. To
trade-off between computation efficiency and accuracy, 𝑇 is set to
be 3 in our experiments. These ordered frames are fed into CNN
Encoder (ResNet) to obtain initial feature maps F𝑠 ∈ R𝐶×𝐻×𝑊 ,
𝑠 = 𝑡, 𝑡 − 1, · · · , 𝑡 −𝑇 + 1, where 𝐶 , 𝐻 , and𝑊 denote the channel,
height, and width respectively. We then develop a Temporal REcur-
rent Feature-Shift Aggregator (T-RESA) to gather spatial temporal

information synchronously by shifting sliced feature map horizon-
tally and vertically, and passing structure information along frames.
This way, we get corresponding spatial-temporal aggregated struc-
tural features F

′
𝑠 ∈ R𝐶×𝐻×𝑊 , thus we can effectively propagate

slice-based regional temporal consistency information along or-
dered video sequence. Besides, to propagate image-based global
temporal consistency information along frames, such as similar
lane distribution among adjacent frames, we impose a temporal
consistency constraint to ensure that F𝑠 get richer context message
from enhanced feature map F

′
𝑠−1, 𝑠 = 𝑡, 𝑡 − 1, · · · , 𝑡 − 𝑇 + 2 from

last frame. Then we adopt a bilateral up-sampling decoder [38]
on the final spatial-temporal aggregated feature map F

′
𝑡 to predict

video lane instance results for the target frame I𝑡 . Finally, we in-
troduce geometry consistency constraints to enhance the integrity
and continuity in lane instance segmentation.

...
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Figure 2: Schematic illustration of upward Temporal REcur-
rent Feature-Shift Aggregator (T-RESA) when stide is 1 for
𝑚-th stage. The propagation for other three directions are
similar.
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3.2 T-RESA Module
Temporal REcurrent feature-Shift Aggregator (T-RESA). RE-
current Feature-Shift Aggregator (RESA) [38] aggregates spatial
information of a single 2D image in an iterative manner. In each
stage, the input feature map of RESA is sliced along the 𝐻 and𝑊
dimensions. At the 𝐻 dimension, the sliced feature map shifts re-
currently in two directions (i.e. downward and upward), and passes
information vertically. Similarly, the sliced feature map along the𝑊
dimension propagates information in two horizontal directions (i.e.,
rightward and leftward). To adapt it for learning video features, we
propose a Temporal REcurrent Feature-Shift Aggregator (T-RESA)
to effectively integrate the temporal information encoded in video
frames into RESA for addressing video instance lane detection. As
shown in Figure 1, apart from the horizontal (i.e.,𝑊 ) and vertical
(i.e.,𝐻 ) directions in the original RESA, our T-RESA shifts the sliced
input feature map along the temporal direction of adjacent video
frames.

Figure 2 shows the schematic illustration of T-RESA along the
upward direction at one stage. The upward propagation takes three
feature maps F𝑡−2, F𝑡−1, and F𝑡 from input 𝑇 (𝑇=3) adjacent video
frames. The size of each featuremap is𝐶×𝐻×𝑊 , where𝐶 ,𝐻 , and𝑊
denote the number of channels, rows, and columns respectively. We
slice each feature map into 𝐻 slices and thus the size of each slice is
𝐶 × 1×𝑊 along the 𝐻 dimension. Unlike [19], we pass information
among slices in a parallel way as in [38], thereby resulting in a
time-saving information propagation by several iterations with
different stride values. Specifically, in iteration 𝑘 , the sliced feature
maps from F𝑡−2 only vertically propagate information among slices
of itself, while the sliced feature maps from F𝑡−1 and F𝑡 not only
receive the information from their own frame, but also receive
information from the last frames, e.g., when stride is 1, the sliced
feature map F𝑘

𝑡,𝑖
, where 𝑡 , 𝑖 , and 𝑘 indicate the indices of frame,

row, and iteration respectively, receives the information from both
F𝑘
𝑡,𝑖−1 and F𝑘

𝑡−1,𝑖 . We formulate the information propagation in a
given direction as

F𝑘
′

𝑡,𝑖
= F𝑘

𝑡,𝑖
+ 𝑓 𝑘

𝑖
(F𝑘

𝑡,(𝑖−𝑠𝑘 ) mod 𝑁
) 𝑡 = 0

F𝑘
′

𝑡,𝑖
= F𝑘

𝑡,𝑖
+ 𝑓 𝑘

𝑖
(F𝑘

𝑡,(𝑖−𝑠𝑘 ) mod 𝑁
) + 𝑔𝑘

𝑖
(F𝑘

𝑡−1,(𝑖−𝑠𝑘 ) mod 𝑁
) 𝑡 ≥ 1

𝑠𝑘 = 𝑁
2𝐾−𝑘 , 𝑘 = 1, 2, 3, · · · , 𝐾 .

(1)
Here 𝑘 denotes the index of iteration as in [38], and the iteration
number 𝐾 = ⌊log2 𝑁 ⌋ with 𝑁 being the number of slices, i.e., 𝑁
equals to 𝐻 for vertical propagation, and𝑊 for horizontal propaga-
tion. 𝑖 ∈ {0, 1, 2, · · · , 𝑁 − 1} and 𝑡 are the the indices of slices and
frames, respectively. 𝑠𝑘 is the stride for iteration 𝑘 . 𝑓 𝑘

𝑖
(·) consists of

1-d convolution kernel and nonlinear activation function ReLU. 1-d
convolution kernal size is 𝐶in ×𝐶out ×𝑤 , where 𝐶in, 𝐶out, and 𝑤
denote the number of input channels, the number of output chan-
nels, and the kernel width respectively. Both 𝐶𝑖𝑛 and 𝐶𝑜𝑢𝑡 are the
same as 𝐶 . The parameters of 1-d convolution kernels are shared
in different frames. 𝑔𝑘

𝑖
(·) is similar to 𝑓 𝑘

𝑖
(·), and the parameters of

1-d convolution kernels are shared between adjacent frames. 𝐹𝑘
′

𝑡,𝑖

denote the updated sliced feature map.
Temporal Consistency constraint. Although T-RESA can learn
temporal information, it only propagates temporal consistency
information in slice-based local regions. To leverage image-based

global lane shape consistency priors between adjacent video frames,
we introduce a temporal consistency constraint between initial
feature F𝑠 and enhanced feature F

′
𝑠−1 through T-RESA module.

Specifically, we define an activation mapping function G(X) =
1
𝐶

∑𝐶
𝑐=1 |X𝑐 |, where X ∈ R𝐶×𝐻×𝑊 denotes the input feature map,

X𝑐 ∈ R𝐻×𝑊 is 𝑐-th channel feature map of the input. We impose
the activation mapping function G(·) on both F𝑠 and F

′
𝑠−1, then get

the corresponding attention maps Z𝑠 and Z
′
𝑠−1. To explore richer

context information by global temporal consistency, we encour-
age Z𝑠 to mimic Z

′
𝑠−1. The temporal consistency constraint LT is

defined as:
LT =

∑︁𝑡

𝑠=𝑡−𝑇+2 Φcos (𝑍𝑠 , 𝑍
′
𝑠−1) , (2)

where Φcos (·) denotes the cosine embedding loss.

3.3 Geometry Consistency Constraints
Lane integrity constraint. To maintain the integrity of each
instance lane, inspired by [29], we define a pairwise point affinity
loss according to ground-truth labels. As shown in Figure 3 (b),
if point 𝑥𝑖 and its adjacent eight neighbors {𝑥 𝑗 } have the same
categorical label in ground truth, the point 𝑥𝑖 is called an inner
point, and we encourage the prediction results of 𝑥𝑖 and its neighbor
𝑥 𝑗 to be consistent, which is named structural integrity constraint
in our work. Otherwise, the point 𝑥𝑖 is called an edge point, and
we push apart their prediction results.

Specifically, as shown in Figure 3 (c), for a lane instance category
𝑐 , the ground-truth probability of the point 𝑥𝑖 which belongs to the
instance 𝑐 satisfies Bernoulli distribution 𝑃 (𝑥𝑖 ) = [𝑝𝑖 , 1−𝑝𝑖 ], where
𝑝𝑖 = {1, 0}, and the prediction probability𝑄 (𝑥𝑖 ) = [𝑞𝑖 , 1−𝑞𝑖 ], where
𝑞𝑖 ∈ (0, 1). Similarly, the ground-truth and prediction probability
of neighbor point 𝑥 𝑗 are denoted as 𝑃 (𝑥 𝑗 ) and 𝑄 (𝑥 𝑗 ). According
to ground-truth, we define the indices of edge point as Iedge =

{𝑖 |𝑃 (𝑥𝑖 ) ≠ 𝑃 (𝑥 𝑗 )}, and the indices of inner point as Iinner = Iedge.
The pairwise point affinity loss is formulated as:

LGI =

{
𝐷KL (𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 )) 𝑖 ∈ Iinner
max{0,𝑚 − 𝐷KL ((𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 ))} 𝑖 ∈ Iedge,

(3)

where 𝐷KL (𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 )) = 𝑞 𝑗 log
𝑞 𝑗
𝑞𝑖

+ 𝑞 𝑗 log
𝑞 𝑗
𝑞𝑖

is the Kullback-
Leibler divergence between 𝑄 (𝑥 𝑗 ) and 𝑄 (𝑥𝑖 ). As shown by consid-
ered point (in blue box) in Figure 3 (c), we shall not pull it apart
from all eight adjacent point in segmentation – we only need to
pull it apart from background. Considering this, we further update
Eq. (3) to

LGI =

{
𝐷KL (𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 )) 𝑖 ∈ Iinner
(𝑝𝑖 ⊕ 𝑝 𝑗 ) ⊙ max{0,𝑚 − 𝐷KL ((𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 ))} 𝑖 ∈ Iedge,

(4)
where ⊕ denotes exclusive OR operator, 𝑝𝑖 ⊕ 𝑝 𝑗 ensures the point
in edge region is pulled apart from neighbors in a certain direction
with different labels, and ⊙ means element-wise multiplication.
Lane continuity constraint. In most cases, parallel lanes of video
frames converge to a vanishing point (VP); see the red point at
Figure3 (a). In this paper, we use VP to provide global geometric
context of a scene and ensure the continuity of detected lanes.

For lane instance category 𝑐 , we encourage the points located
along the center line of the lane and vanishing point are on the same
line. Here, We employ a simple and efficient method to calculate
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Figure 3: Schematic illustration of geometry consistency constraints. For clarity, we enlarge local region in (a) of a lane instance
and show the detailed values in (b-d). (a) Ground truth, the different colors denote instance-level lane annotations and the red
point is the vanishing point (VP). (b) Ground truth of local region corresponding to the boxed area in (a). 1 and 0 denote the
point belongs to lane instance and background respectively. (c) and (d) are schematic illustration of structural integrity and
continuity constraints respectively. Blue box indicates the considered point 𝑥𝑖 , and red/green box indicates its similar/different
neighbor.

the points along the center line – we sample the point 𝑥𝑖 with
foreground probability 𝑞𝑖 ∈ (0, 1) greater than 0.5 and remove the
outliers, and denote the indices of these points as Icenter. Then we
calculate slope coefficient of the points along the center line guided
by the vanishing point. As shown in Figure 3 (d), we sample six
neighbors along and against the slope coefficient direction and
define the loss of the structural continuity constraint as

LGC = 𝐷KL (𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 )) 𝑖 ∈ Icenter, (5)

where 𝐷KL (𝑄 (𝑥 𝑗 ) | |𝑄 (𝑥𝑖 )) = 𝑞 𝑗 log
𝑞 𝑗
𝑞𝑖

+𝑞 𝑗 log
𝑞 𝑗
𝑞𝑖
, and it is similar to

the one in Eq. (3).

3.4 Implementation Details
Loss function. The total loss Ltotal of our TGC-Net consists of
a segmentation loss LSeg, existence loss LE, and our temporal
consistency loss LT (see Eq. (2)), and our geometry consistency
loss LG. Moreover, LG contains a structural integrity loss LGI (see
Eq. (4)) and a structural continuity loss LGC(see Eq. (5)). Hence,
the definition of Ltotal is given by:

Ltotal = LSeg + 𝛼1LE + 𝛼2LT + 𝛼3LG , (6)

where

LSeg = ΦCE (𝑃𝑡seg,𝐺𝑡
seg) (7)

LE = ΦBCE (𝑃𝑡exist ,𝐺
𝑡
exist) (8)

LG = 𝛽1LGI + 𝛽2LGC . (9)

Here ΦCE and ΦBCE denote the cross entropy loss function and
the binary cross entropy loss function [19, 38], respectively. 𝑃𝑡seg
and 𝐺𝑡

seg represent the instance lane prediction map and the cor-
responding ground truth for 𝑡−𝑡ℎ input (current) frame. 𝑃𝑡exist and
𝐺𝑡
exist denote the binary classification for each lane instance and the

corresponding ground truth. We empirically set the weights 𝛼1, 𝛼2,
and 𝛼2 as: 𝛼1 = 0.1, 𝛼2 = 0.2, and 𝛼3 = 0.4. And the weights 𝛽1 and
𝛽2 are empirically set as 𝛽1 = 1.0 and 𝛽2 = 1.0 in our experiments.

Network Training. In the preprocessing stage, considering that
VIL-100 has no annotated vanishing point, we take the intersection
point of multiple lane curves (obtained by a straight line fitting) in

each video frame as the ground truth of the vanishing point. We
also utilize a random crop operation on each current video frame for
data augmentation. our TGC-Net is based on an encoder-decoder ar-
chitecture, where the feature extraction backbone at the encoder is
ResNet-50 [3], and the decoder is the bilateral up-sampling decoder
proposed in [38]. Note that the geometry consistency constraints re-
quires a suitable video lane detection result. Hence, we empirically
utilize two stages to train our TGC-Net. In the first training stage,
we remove the geometry consistency constraints LGC from the
total loss (see Eq. 3.4) to train our TGC-Net. In the second training
stage, we fine-tune the train model in the first stage by containing
all components of the total loss of our TGC-Net.

Training parameters. We implement our TGC-Net using Pytorch
and train our network on a NVIDIAGTX 3090Ti. In the first training
stage, we initialize the feature extraction backbone by using a pre-
trained ResNet-50 [3], and employ a SGD optimizer with a learning
rate of 1×10−2, a momentum of 9×10−1, a weight decay of 1×10−4,
and mini-batch size of 4. In the second stage, LGC is employed to
fine-tune the whole network with a learning rate as 1 × 10−4, a
momentum of 9 × 10−1, a weight decay of 1 × 10−4 and mini-batch
size of 2. The first training stage requires 40 epochs, while the
second training stage requires 20 epochs.

4 EXPERIMENTAL RESULTS
Dataset and Evaluation MetricsWe evaluate our network and
compared state-of-the-art methods on a public video instance lane
detection dataset (i.e., VIL-100 [37]). VIL-100 consists of 100 videos,
10, 000 frames, and each frame of all videos are with instance-level
annotations on lane regions. The dataset contains 10 typical scenar-
ios: normal, crowded, curved road, damaged road, shadows, road
markings, dazzle light, haze, night, crossroad. The latter nine sce-
narios are common and challenging. The dataset also provides two
type of annotations: point annotations along the center line and
region annotations of each lane.

Following the existing method [37], we first employ six widely-
used image-based metrics, including three region-based metrics
and three line-based metrics. Three region-based metrics [19] are
mIoU, F1(IoU>0.5) (denoted as F10.5), and F1(IoU>0.8) (denoted as
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Table 1: Quantitative comparisons of our network and state-of-the-art methods in terms of image-based metrics.

Methods Year Region Line
mIoU↑ F10.5 ↑ F10.8 ↑ Accuracy ↑ FP ↓ FN ↓

LaneNet [16] 2018 0.633 0.721 0.222 0.858 0.122 0.207
SCNN [19] 2018 0.517 0.491 0.134 0.907 0.128 0.110

ENet-SAD [5] 2019 0.616 0.755 0.205 0.886 0.170 0.152
UFSA [21] 2020 0.465 0.310 0.068 0.852 0.115 0.215
LSTR [13] 2021 0.573 0.703 0.131 0.884 0.163 0.148

LaneATT [26] 2021 0.452 0.337 0.061 0.712 0.093 0.357
RESA [38] 2021 0.702 0.874 0.345 0.936 0.078 0.068

MMA-Net [37] 2021 0.705 0.839 0.458 0.910 0.111 0.105
GAM [8] 2019 0.602 0.703 0.316 0.855 0.241 0.212
RVOS [32] 2019 0.294 0.519 0.182 0.909 0.610 0.119
STM [18] 2019 0.597 0.756 0.327 0.902 0.228 0.129

AFB-URR [12] 2020 0.515 0.600 0.127 0.846 0.255 0.222
TVOS [36] 2020 0.157 0.240 0.037 0.461 0.582 0.621
VisTR [34] 2021 0.683 0.841 0.303 0.917 0.097 0.101
RMNet [35] 2021 0.667 0.807 0.402 0.897 0.163 0.132

TGC-Net (ours) 2022 0.738 0.892 0.469 0.941 0.064 0.057

Table 2: Quantitative comparisons of our network and state-
of-the-art methods in terms of video-based metrics.

Methods MJ ↑ OJ ↑ MF ↑ OF ↑ MJ&F ↑
GAM [8] 0.414 0.203 0.721 0.781 0.568
RVOS [32] 0.251 0.251 0.251 0.251 0.251
STM [18] 0.656 0.626 0.743 0.763 0.656

AFB-URR [12] 0.308 0.251 0.415 0.435 0.362
TVOS [36] 0.255 0.251 0.257 0.256 0.255
VisTR [34] 0.696 0.742 0.849 0.893 0.773
RMNet [35] 0.499 0.592 0.678 0.694 0.588

MMA-Net [37] 0.679 0.735 0.848 0.873 0.764
TGC-Net (Ours) 0.727 0.794 0.891 0.906 0.809

F10.8), while three line-based metrics are Accuracy, FP, and FN [30].
In general, a better video instance lane detection method shall have
larger mIoU, F10.5, F10.8, and Accuracy scores, as well as smaller
FP and FN scores. Moreover, we also employ five video-based met-
rics to evaluate the temporal stability of the video segmentation
results [20], i.e., MJ , OJ , MF , OF , and MJ&F , a better video
instance segmentation method should have larger scores for all five
video-based metrics.
Comparative methods. To demonstrate the superiority of our
video instance lane detection method, we compare it against 15
state-of-the-art methods, including LaneNet [16], SCNN [19], ENet-
SAD [5], UFSA [21], LSTR [13], LaneATT [26], RESA [38], MMA-
Net [37], GAM [8], RVOS [32], STM [18], AFB-URR [12], TVOS [36],
VisTR [34], and RMNet [35]. Among them, LaneNet, SCNN, ENet-
SAD, UFSA, LSTR, LaneATT, and RESA are image-level lane detec-
tion methods, while MMA-Net is video-level lane detection method.
Moreover, GAM, RVOS, STM, AFB-URR, TVOS, VisTR, and RMNet
are instance-level video object segmentation methods.

For LaneATT, RESA, VisTR and RMNet, we use their public
implementations, and re-train these methods on video instance-
level lane detection dataset VIL-100 to obtain their best results for
a fair comparison. For one-shot VOS methods (such as [35]), we
utilize the ground truth of the first frame in each video clip to train.
And the results of other methods are directly from MMA-Net [37].

4.1 Comparisons with State-of-the-art Methods
Quantitative comparisons.Table 1 reports six image-level quan-
titative results of our network and all compared methods. We can
observe that lane detection methods tend to have a better perfor-
mance on both line and region based metrics compare than general
video object segmentation (VOS) methods. The reason is that the
lanes are slender and continuous, and lane detection methods can
utilize structural information (such as fitting curves[27] or pre-
dicting vanishing points[9]) to detect lanes, while the video lane
detection method MMA-Net and all VOS methods pay more at-
tention to temporal continuity and totally ignore the shape and
direction of lanes. Specifically, among all compared methods, MMA-
Net has the best mIoU score of 0.705 and the best F10.8 of 0.458,
while RESA has the best F10.5 of 0.874, the best Accuracy score of
0.936, the best FP score of 0.078, the best FN score of 0.068. Com-
pared to all best metric scores of compared methods, our network
has a mIoU improvement of 4.68%, a F10.5 improvement of 2.06%, a
F10.8 improvement of 2.40%, a Accuracy improvement of 0.53%, a
FP improvement of 17.95%, and a FN improvement of 16.18%.

To further explain the effectiveness of our method, we list video-
based metric scores of our network and other video object segmen-
tation methods in Table 2. From these video-based metric results,
we can find that VisTR has the largest score of all video-based met-
rics among compared methods, they areMJ of 0.696, OJ of 0.742,
MF of 0.849, OF of 0.893 and MJ&F of 0.773. More importantly,
our method outperforms VisTR on all video-based metrics. Specif-
ically, our method improves MJ from 0.696 to 0.727; OJ from
0.742 to 0.794;MF from 0.849 to 0.891; OF from 0.893 to 0.906; and
MJ&F from 0.773 to 0.809. It indicates that our network can more
accurately detect instance-level lanes than compared methods.
Visual comparisons. Figure 4 visually compares video instance
lane detection results produced by our TGC-Net and state-of-the-
art methods. For image-based lane detection methods, as shown
in 5-th to 8-th rows, they often neglect lane regions when these
lanes are severe occluded and damaged in the road. For video object
segmentation methods at 9-th to 11-th rows, the lane instances are
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Table 3: Ablation study of our proposed method in terms of image-level and video-level metrics.

Network Component Image-based metrics video-based metrics
T-RESA LT LGI LGC mIoU↑ F10.5 ↑ F10.8 ↑ Accuracy ↑ FN ↓ FP ↓ MJ ↑ OJ ↑ MF ↑ OF ↑ MJ&F ↑

“basic-TR” ✓ 0.716 0.881 0.393 0.940 0.075 0.058 0.722 0.775 0.886 0.901 0.804
“basic-TR+TC” ✓ ✓ 0.720 0.889 0.400 0.941 0.073 0.058 0.722 0.781 0.886 0.903 0.804

“basic-TR+TC+GI” ✓ ✓ ✓ 0.732 0.891 0.427 0.937 0.065 0.063 0.717 0.768 0.879 0.898 0.798
“basic-TR+TC+GI+GC” (ours) ✓ ✓ ✓ ✓ 0.738 0.892 0.469 0.941 0.064 0.057 0.727 0.794 0.891 0.906 0.809

(a) Input frames

(b) Ground truths

(c) Our method

(g) LaneATT

(i) AFB-URR

(f) LSTR

(d) MMA-Net

(h) RESA

(k) RMNet

(e) UFSA

(j) VisTR

Figure 4: Visual comparisons of video instance lane detection maps produced by our network (3rd row) and state-of-the-art
methods (4-th to 11-th rows). The ground truths is shown at the 2nd row. Apparently, our network can more accurately identify
instance-level lanes than all compared state-of-the-art methods.

also mistakenly detected or missed, and their lane detection results
are worse than lane detection methods. The detected lanes of MMA-
Net are not slender and smooth, and its segmentation results of
single lane are not continuous; see the 4-th row of Figure 4. On
the contrary, our method at the 3rd row can accurately identify
lanes, especially in challenging cases, such as occluded lane regions.
Moreover, our lane detection results can well maintain the integrity
and consistency of the lanes. In addition, Figure 5 presents addi-
tional comparisons results of our TGC-Net, MMA-Net, and RESA
in several challenging cases, e.g., occlusion, bad weather, dim and

dazzling lights. We can clearly see that detected lane instances of
MMA-Net and RESA are not slender and continuous, while our
method can better detect all instance-level lanes in different chal-
lenging video frames.

4.2 Ablation Study
Basic network design. Here, we construct three baseline net-
works to evaluate the effectiveness of four major components of
our method, and they are “T-RESA”, “LT”, “LGI”, and “LGC”. Specif-
ically, “T-RESA” is temporal recurrent feature-shift aggregator to
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occlusion

bad weather

dim

dazzling light

(a) Input frames   (e) RESA (b) Ground truths (c) Our method (d) MMA-Net

Figure 5: More visual comparisons of our method and state-of-the-art methods(MMA-Net [37] and RESA [38]) in scenes with
occlusion, bad weather conditions, dim or dazzling lights.

gather spatial temporal information synchronously. “LT”, “LGI”,
and “LGC” are the temporal consistency constraint, the structural
integrity constraint, and the structural continuity constraint respec-
tively. As shown in Table 3, The first baseline network (denoted
as “basic-TR”) only contains “T-RESA” of our method. It equals to
remove the temporal and geometry consistency constraints from
our network. The second baseline (denoted as “basic-TR+TC”) is to
add the temporal consistency constraint “LT” into the first baseline
network. It removes the geometry consistency constraints from our
network TGC-Net. The third baseline network denoted as “basic-
TR+TC+GI” is to add the structural integrity constraint “LGI” into
the second baseline. Table 3 reports image-based and video-based
metric results of our method and all constructed three baseline net-
works. Please refer to supp. material for visualization comparisons.
Effectiveness of the T-RESAModule.As shown in Table 3, “basic-
TR” outperforms “RESA”[38](see Table 1) on all image-level and
video-level metrics. It demonstrates that embedding the video tem-
poral information into “RESA” [38] via our “T-RESA” improves the
video instance lane detection accuracy.
Effectiveness of the Temporal Consistency Constraint. Fur-
thermore, we can find that “basic-TR+TC” has a larger mIoU score ,
a larger 𝐹10.8 score, a larger 𝐹10.5 score, a larger Accuracy score, a
smaller FN score, a smaller FP score, a largerMJ score, a largerOJ
score, a largerMF score, a larger OF score, and a largerMJ&F
score than “basic-TR”. It demonstrates that integrating image-based
global priors from adjacent video frames via our temporal con-
sistency constraint can enhance the instance lane segmentation
results of the target video frame.
Effectiveness of the Geometry Consistency Constraints. Note
that our geometry consistency constraint contains a structural
integrity constraint “LGI” and a structural continuity constraint
“LGC”. By observing Table 3, we can find that “basic-TR+TC+GI”
has superior performance in region related image-based metrics
(i.e.mIoU, 𝐹10.8, 𝐹10.5) than “basic-TR+TC”. However, since ”GI”
only considers local geometry with eight neighbors but not consid-
ers long structure constraints, "basic-TR+TC+GI" tends to produce

lower results in some metrics. Therefore, we further introduce lane
continuity constraint (denoted as ”GC”), it considers the global
geometric context of a scene based on vanishing point. By doing
so, our method (denoted as ”basic-TR+TC+GI+GC”) consistently
outperforms “basic-TR”, ”basic-TR+TC” and "basic-TR+TC+GI" on
all metrics. It also indicates the structural continuity constraint
“LGC” is capable to further improve the video instance lane detec-
tion performance of our method by promoting the continuity of
lanes and maintaining the slender structure of lanes.

5 CONCLUSION
In this paper, we have proposed TGC-Net, a new and effective
model for reliable video instance lane detection (ViLD), via tempo-
ral and geometry consistency constraints. Specifically, we present
a genearlized temporal recurrent feature-shift aggregation module
(T-RESA) to learn spatio-temporal lane shape features along hor-
izontal, vertical, and temporal directions from the feature tensor.
T-RESA propagates temporal consistent information in slice-based
local region, therefore we imposes temporal shape consistency con-
straints on features extracted from neighboring video frames to
leverage the image-based global strong lane shape priors among ad-
jacent frames. We further impose temporal consistency constraint
by encouraging spatial distribution consistency among the lane
features of adjacent frames. Additionally, we devise two effective
geometry constraints to ensure the integrity and continuity of lane
predictions by leveraging pairwise point affinity loss and vanishing
point guided geometric context, respectively. Our method is eval-
uated on public video instance lane detection benchmark dataset,
i.e., VIL-100, and have achieved the superior performance over
state-of-the-art competitors. In the future, we want to study the 3D
ViLD problem and apply the TGC-Net to other line-shape object
detection tasks, e.g., power-line-cruising.
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