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Highlights:

* It is proposed to project the vehicle bounding box and map element annotations into 2D instance
segmentation as the control condition, ensuring multi-view consistency from the input.

*  Unify the instance segmentation input of the vehicle bounding box and map elements onto one image
to express the occlusion relationship from the 2D perspective.

*  Design an efficient instance segmentation encoder with instance segmentation invariance. Exchanging
the order of different instance segmentation ids can also ensure that the output result remains unchanged.

* InstaDrive has achieved relatively good editing effects on the positions of vehicles and map elements

on the public dataset.

Abstract: Aiming at the problems of cumbersome manual annotation and long-tail distribution of data
in the training of autonomous driving detection models, this paper proposes the InstaDrive method.
This method takes 3D bounding boxes of vehicles, vectorized annotations of map elements from the
perspective of BEV, external parameters of the camera and text prompt as inputs, and encodes them as
control conditions—generating 2D instance segmented images through projection Then control Stable
Diffusion to generate a panoramic camera image of the autonomous driving scene. This method can
efficiently generate a large amount of labeled training data and specifically edit scene elements to build
corner Cases. To address the consistency issue in multi-view image generation, InstaDrive ensures
multi-view consistency from the input layer and uniformly expresses the 2D view occlusion relationship.
Experiments on the nuScenes dataset show that this method has achieved excellent results in the task of

editing the positions of vehicles and map elements.
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1. Introduction

The generative models [1-3] can generate images and other content based on control conditions such

as text. The content generated by these models has been used for object detection [4] and semantic
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segmentation [5]. 2D bounding boxes [6,7] or segmentation maps [8] All have control conditions that are
adopted as input [9].

The manual annotation of data required for the training of autonomous driving detection models
is cumbersome, and the actual collected data has the characteristic of long-tail distribution. InstaDrive
projects the vehicle bounding box and map elements into instance segmented images as control conditions
and generates images through Stable Diffusion. This not only provides a large amount of labeled training
data for other models, but also enables targeted editing of vehicle and map elements in the scene to
generate corner cases.

Specifically, as shown in Figure 1, InstaDrive takes the 3D bounding boxes of the vehicle, vectorized
annotations of map elements from the perspective of BEV, camera parameters and text prompt as inputs,
and encodes these inputs as control conditions. Control Stable Diffusion to generate panoramic camera

images of the autonomous driving scene.

Conditions .‘

Generated
Images

Figure 1. The street view generation task. Taking 3D bounding boxes, maps, camera
extrinsics and text prompt as input, generate six panoramic camera images from
different perspectives.

The challenge of this task lies in the consistency between different perspectives of the surround-view
camera image. If the camera images from each perspective are generated as separate tasks, it is difficult to
achieve precise stitching among the generated results from different perspectives.

The consistency of instances across multiple perspectives is also difficult to guarantee. As shown in
Figure 2, in the demonstration of the Panacea [10] method, the same lane line in the front view and back
view presents different forms: yellow line and white line.

The contributions of InstaDrive can be summarized in the following three points:

* It is proposed to project the vehicle bounding box and map element annotations into 2D instance

segmentation as the control condition, ensuring multi-view consistency from the input.
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» Unify the instance segmentation input of the vehicle bounding box and map elements onto one
image to express the occlusion relationship from the 2D perspective.

* Design an efficient instance segmentation encoder with instance segmentation invariance.
Exchanging the order of different instance segmentation ids can also ensure that the output result
remains unchanged.

* InstaDrive has achieved relatively good editing effects on the positions of vehicles and map

elements on the nuScenes [11] dataset.

Inconsistency between front view and back view

Figure 2. The main challenge is the consistency between different perspectives.
2. Related works

To achieve the editing of vehicle positions and ground elements on 2D images, it can be divided into two

approaches: local editing and overall generation.

2.1. Local editing using Inpaint

The local editing method can mainly be implemented based on Inpaint [12]. This method first uses the
Segment Anything [13] model on the image that needs to be edited to obtain the semantic segmentation
result. When splitting, the prompt can be either a dot or a box. After Segment Anything obtains the
semantic segmentation mask of the area to be edited, Inpaint Anything then calls methods such as Stable
Diffusion [14] to generate locally. The network designs a loss function based on the purpose that the pixel
values of the generated local region boundary are close to those of the original image boundary. This
ensures that the local editing area can smoothly fit the original image.

The Inpaint Anything method will encounter the following three challenges when editing the lane

lines in the autonomous driving scene:

* The lane line structure is slender, and it is difficult to obtain an accurate segmentation result of
Segment Anything, as shown in Figure 3b, which further leads to a poor editing effect.

* Since this method requires that the pixels at the intersection of the generated area and the original
image be as close as possible, the color of the lane lines generated in the slender area may be too
close to the color of the road surface, thus making it impossible to achieve effective editing.

* This method can only be used for editing a single image and cannot solve the problem of multi-view
consistency when generating surround-view camera images simultaneously. To sum up, a better

solution is the overall generation based on Stable Diffusion.
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(a) Input Prompt (b) Semantic Segmentation

(c) Semantic Segmentation Mask (d) Local Modification

Figure 3. The process of local editing using Inpaint. (a) Input the prompts for the
semantic segmentation model; (b) The semantic segmentation results for the edited
lane lines; (¢) The semantic segmentation mask; (d) The result of using Inpaint to
restore the lane lines followed by further local modifications.

2.2. Global generation using Stable Diffusion

The overall generated scheme is mainly based on the structure of ControlNet [15], taking the content that
needs to be edited as control conditions to affect the generation process of Stable Diffusion. Through
training with a large amount of data, the generative model learns the correspondence between the input
control conditions and the generated surround-view images. In the map editing problem studied in this
paper, there can be four input methods as shown in Figure 4. The annotations for other traffic participants
in the nuScenes [11] dataset are given in the form of 3D bounding boxes. The dataset is labeled for map
elements in a vectorized form from the perspective of BEV.

2D semantic segmentation form, as shown in Figure 4a. Methods represented by [16], DrivingDiffusion [17],
and Panacea [10] project map elements labeled in vectorized form from the original BEV perspective onto
the 2D image perspective through external and internal parameters. These methods take mask images
of different types of elements as control conditions, and encode the conditions into vectors through the
image encoder and input them into Stable Diffusion. In addition, DriveDreamer-2 [18] has designed a
tool for generating input maps, enabling users to obtain map control conditions through text prompts even
without map annotations.

The advantage of the 2D semantic segmentation form input map is that the input conditions and
the expected output are in the same coordinate system, and Stable Diffusion can easily directly learn
the corresponding relationship between the two. However, the drawback of this input is that it cannot
guarantee multi-perspective consistency from the fundamental input format, as semantic segmentation

does not distinguish different instances.
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(a) 2D Semantic Segmentation (b) BEV Semantic Segmentation
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(c) BEV Vectors (d) 2D Instance Segmentation

Figure 4. Four different input formats for map elements. (a) 2D semantic segmentation.
Failed to distinguish different instances and lacks consistency across perspectives;
(b) BEV semantic segmentation. The control conditions and the generated results are
not in the same coordinate system, making it difficult to establish the corresponding
relationship; (¢) BEV vectors. Vector input is difficult to be encoded reasonably; (d) 2D
instance segmentation. It can distinguish different instances, generate images in the
same coordinate system, and is conducive to learning the corresponding relationship.

The semantic segmentation map form from the BEV perspective, as shown in Figure 4b. One of the
most representative ways to use this format is MagicDrive [19]. To maintain consistency across multiple
perspectives, MagicDrive inputs the same map control conditions when generating images from each
perspective, that is, the semantic segmentation map from the BEV perspective. However, this also leads
to a significant gap between the BEV coordinate system where the input map is located and the 2D image
coordinate system where the final generated result is located. According to the experimental results,
MagicDrive has a relatively weak editing ability for map elements. MagicDriveDiT [20] adopts the DiT
architecture to enhance the quality of generation, but it does not fundamentally solve the multi-perspective
consistency issue in map element editing.

In addition, MagicDrive3D [21] and DriveDreamer4D [22] also adopt the use of generated results for
reconstruction, thereby optimizing the multi-view consistency of the generation process. This introduces
a considerable amount of additional computation.

Input in the original vector form, as shown in Figure 4c. Such input computational load is very small
and does not require an image encoder. However, currently, no work adopts this input method. On the one
hand, it is difficult to encode vectors as control conditions. On the other hand, the relationship between
the vectors in the BEV coordinate system and the final 2D image is too indirect, compared with the input
method of projecting vectors onto 2D images.

The instance segmentation form input adopted in this paper is shown in Figure 4d. This format
combines the advantages of both 2D semantic segmentation and semantic segmentation from the BEV
perspective. The control conditions and the expected output are in the same coordinate system, so this
one-to-one correspondence is relatively easy to learn. The difference between instance segmentation

and semantic segmentation lies in that the information between different instances is retained during
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the projection process. For instance, the same lane line area that appears from two perspectives has the
same value. The values of different lane lines are different, rather than, as in semantic segmentation,
different instances of the same category are not distinguished. This input method fundamentally ensures

multi-perspective consistency.

3. Method
3.1. Overall architecture

The overall framework of InstaDrive is shown in Figure 5. To the left of the orange dotted line is the
encoding of the input conditions. To the right of the orange dotted line is the generation process of Stable
Diffusion after accepting input conditions. Four different input conditions, after passing through their
respective encoders, act as conditions on the denoising process of the initial noise on the right. The
annotations of other vehicles and map elements are first constructed into a unified instance segmentation
input to describe the positions of other vehicles and map elements in the generated panoramic image,
which is the focus of this article’s editing. The camera external parameters are input to represent the
geometric relationship between the surround-view cameras. Text prompts play an auxiliary role in editing

the overall style of the scene, weather, efc.
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Figure 5. The overall framework of InstaDrive. To the left of the orange dotted
line is the encoding of the input conditions. To the right of the orange dotted line is
the generation process of Stable Diffusion after accepting the input conditions. We
constructed a unified instance segmentation input for map elements and bounding
boxes, and designed a control condition encoder with instance segmentation invariance,
which affects the image generation process on the right side.
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3.2. Construction of instance segmentation input

Considering the computational overhead and accuracy issues of invoking the instance segmentation
network, in this paper, vehicles and map annotations are directly projected onto 2D images to construct
the instance segmentation input. Since the generation process does not require pixel-level fine control, for
instance, once the position of the vehicle is specified, the specific category and outline of the vehicle are
freely determined by InstaDrive.

According to whether it is a closed area or not, the vectorized annotation of ground elements from
the perspective of BEV can be divided into two categories: broken lines with lane lines as the main body
and polygonal areas such as pedestrian crossings. For the former, the lane line width is fixed at 0.15 m,
and the original polygonal marking is expanded to the same polygonal marking as the latter. In this way,
it can be projected onto the corresponding area of the 2D image together with the latter, and then the mask
of each map element instance can be generated.

For the annotation of the 3D bounding box of the vehicle, the vertices of the box are directly projected
onto the 2D image through the internal and external parameters of the camera, and the corresponding

instance segmentation mask can be obtained, as shown in Figure 6.

Project Vectorized
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Figure 6. The construction process of instance segmentation input. The Vectorized
Annotation of Map Elements is projected onto the 2D image to form the input for the
segmentation of map element instances. The 3D bounding box inputs of other traffic
participants are also projected onto the 2D image. To handle occlusion relationships,
we combine the instance segmentation inputs of these two types of elements into one.

Since both the map and the vehicle need to be projected onto a 2D image to obtain the corresponding
mask, these two inputs can be unified into a single image input encoder. Because the objects seen on

2D images often have mutual occlusion relationships, when constructing a unified input, it is necessary to
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project the ground elements first, and then project the bounding box of each vehicle in the order from far
to near. This way, the masks of vehicles closer to one’s own can cover those in the distance. Thus, this

method unifies the map elements and the vehicle bounding box onto a single instance segmentation image.

3.3. Design of instance segmentation encoder

Because the instance segmentation image distinguishes each instance with different ids, and the encoding
results obtained by arranging different instances in different ID orders should be the same. Therefore, the
encoder should not learn the size relationship between instance ids. The instance segmentation encoder
used by InstaDrive is shown in Figure 7. After extracting the one-hot mask of each instance, it is sent to
the basic feature extraction network respectively to obtain their respective feature maps. The basic feature
extraction network structure is quite simple, consisting of only two convolution layers, with ReLU as the

activation function after the convolution layers.

Gaussian
Positional Encoding
Feature
— *
Map 1
L] L]

Split each instance to
Max Pooling Combined
g Feature Map

° [ ] °
° o o
Unified Instance ’ Feature
N + .
Segmentation Input Map n Linear
- . Projection
Gaussian -
Positional Encoding
Condition Vector

Figure 7. Design of instance segmentation encoder with invariance.
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Then, based on the centroid coordinates of each instance’s location, a Gaussian heat map is generated
as the position code and added to the feature map. The Gaussian position encoding module calculates the
centroid coordinates of the input instance based on its binary mask and maps these positions to the feature
map scale. It then generates a heatmap using a two-dimensional Gaussian function. The core parameter
settings are as follows: The standard deviation ¢ of the Gaussian kernel is an adaptive value, and the

calculation formula is
B min(H ¢, Wy)

8 9
where Hy and Wy are the height and width of the feature map. This ensures that the diffusion range of the

o

6]

Gaussian distribution is proportional to the scale of the feature map. The value of the generated heatmap

is calculated by the formula
d2
2—62)7 (2)

where d is the Euclidean distance from each point on the feature map to the centroid. This heatmap does

G(x,y) = exp(—

not undergo additional maximum value normalization because the value range of the Gaussian function is
already limited to the [0, 1] interval, and its maximum value 1 is located at the centroid, thus ensuring the
stability of the position encoding amplitude. The key step is to refer to the idea of PointNet [23,24], max

pooling is performed on all feature maps to obtain the fused feature map, and finally the control vector
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can be obtained through linear mapping. max pooling can ensure that the result obtained by encoding
remains unchanged when the order of input instances changes.

Furthermore, to input the category information of the instances, we retained the semantic
segmentation input. The semantic segmentation input is similar to the instance segmentation image,
but the values in it represent the instance categories. Since the categories do not need to maintain
invariance as in instance segmentation, the semantic segmentation input is simply fused with the instance
segmentation feature map through four layers of convolution after feature extraction by six layers of
convolution. The final linear mapping unifies the output dimension to 32 dimensions for concatenation

with other control conditions.

4. Eperiments and discussions
4.1. Experimental setups

Dataset and Baselines. Experiments were conducted using the nuScenes [11] public autonomous driving
dataset. It contains 850 training set scenarios and 150 validation set scenarios. A generative network was
trained using a total of 28,130 samples from the training set. The trained network generates 6,019 sets
of surround-view camera images for the validation set and compares them with the real images. For
the visualization results, we attempted experiments such as removing all vehicles and removing some
lane lines to verify the editing ability of this method for vehicles and lane lines. In addition, in order to
measure the superiority of this method in lane line editing more directly and quantitatively, the pre-trained
model of MapTR [25], a classic method for detecting high-precision maps by inputting surround-view
camera images, is selected. High-precision map detection results were obtained by reasoning respectively
on real images, MagicDrive [19] generated images and InstaDrive generated images using this model.
The differences in results reflect the high-precision map editing and control capabilities. BEVGen [26],
BEVControl [27], MagicDrive [19], DriveDreamer [18], DrivingDiffusion [17], Panacea [10], and
Panacea+ [10] were selected as baselines for quantitative result comparison.

Evaluation Metrics. Like other methods, we choose Frechet Inception Distance (FID) as the main
measurement indicator. FID reflects the authenticity of the generated data by measuring the differences
between the generated image and the real image sent into a specific backbone—Google Net Inception
V3 [28] encoding to obtain the feature map. For the reasoning task of MapTR in generating results, we
choose the mAP of MapTR as the measurement metric. This metric takes into account the combination of
precision and recall under different confidence levels and can measure the accuracy of high-precision
map detection.

Model Setup. To be consistent with MagicDrive, the InstaDrive model also uses Stable Diffusion
v1.5 [14] as the generative model and UniPC [29] as the sampler within it. The resolution of the generated
result is set to 224*400. Train for 100 epochs. For the MapTR model, the pre-training weights use
ResNet50 [30] as the backbone to train the MapTR tiny model for 110 epochs.
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4.2. Generate and edit results

As shown in Figure 8, when the instance segmentation projection of the complete ground elements and
vehicle bounding boxes is input, a panoramic camera image containing all elements can be generated
accordingly, and the positions of the vehicle and ground elements in it are consistent with the positions
specified in the input.

When the input conditions are modified, the output image also changes accordingly. As shown in
Figure 9, if all the vehicle bounding boxes in the input are removed, all the vehicles in the output image

are also removed, while the ground elements remain unchanged.

Figure 8. Generating result with complete input.

Figure 9. Generating result with no bounding boxes.

Next, verify the modifications made by InstaDrive to individual map element instances. As shown in
Figure 10, after removing the vecquantized lane line input at the very beginning, the mask of this lane
line in the front view and back view where the instance segmentation is projected is removed. In the final
generated image, this lane line was also removed simultaneously in the front view and back view, while

the positions of other elements remained unchanged.

10
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Figure 10. Generating result after removing a white line.

We have selected another rainy T-shaped intersection for the visual demonstration. The weather is
controlled through text. Figure 11 shows the initial annotations and the corresponding generated results.
Figure 12 adds a truck in the left-front camera view by modifying the conditions. Figure 13 removes the

lane center line in the rear-view camera.

Figure 12. Generating result of a rainy day after adding a truck in the left-front camera.

11
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Figure 13. Generating result of a rainy day after removing the center line in the rear camera.

The FID metric comparison of the results generated by InstaDrive on the nuScenes validation set

with other baseline results is shown in Figure 14.

30

25.54
24.85

Figure 14. Comparison of FID| indicators by different methods

4.3. Performance in the high-precision map detection task

We respectively tested the inference results of the MapTR model on the data generated by Panacea+,
MagicDrive and InstaDrive, and compared these results with the ground truth annotations (Table 1). These
quantitative results demonstrate the superiority of InstaDrive in generating map elements. However, since
the detection accuracy of the MapTR model itself cannot reach one hundred percent, and what we need to
measure is the difference between the generated data and the real data, a fairer approach is to take the
result inferred by MapTR on the real data as the ground truth and then measure the difference between

the inference result of MapTR on the two types of generated data and this ground truth (Table 2).

12
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Table 1. The matching degree with the ground truth annotation (mAP).
Method Divider Ped Crossing Boundary Total
Panacea+ 0.006 0.000 0.006 0.004
MagicDrive 0.194 0.120 0.181 0.165
InstaDrive (Ours) 0.206 0.122 0.240 0.189
Table 2. The matching degree with the predicted results on real data (mAP).
Method Divider Ped Crossing Boundary Total
Panacea+ 0.015 0.004 0.013 0.011
MagicDrive 0.145 0.071 0.108 0.108
InstaDrive (Ours) 0.157 0.077 0.132 0.122

Select one of the scenes as shown in Figure 15. In this scene, since MagicDrive did not correctly
generate the structure of the right turn road based on the input, it led to a significant deviation between
the inference results of the MapTR model on the data generated by MagicDrive and those of the MapTR
model on the real data. The data generated by InstaDrive, compared with the real data, retains the road

structure while removing the obstruction of the right fence. Therefore, the results detected by MapTR
will be better.

1
1
1
\
\
1
?
1
1

(e)
Ground truth
annotation

(d) MapTR inference result on InstaDrive synthetic data

Figure 15. Comparison of inference results of MapTR on different data. (a) MapTR
inference result on real data. There is a fence on the right side of the actual data,
which prevented the correct detection of the right-side fork road; (b) MapTR inference
result on Panacea+ synthetic data. The synthetic data failed to meet the input control
conditions, thus the detection results were not satisfactory; (¢) MapTR inference
result on MagicDrive synthetic data. The synthetic effect still needs to be improved;
(d) MapTR inference result on InstaDrive synthetic data. Restore to the original road
structure, and the detection results have a high consistency with the ground truth;
(e) Ground truth annotation.

13
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As shown in the first row of the Table 3 and Table 4, if there is only semantic segmentation input but
no instance segmentation input, which is similar to the Panacea method, it will lead to a deterioration
in the cross-view consistency of map elements, thereby affecting the FID metric as well as the mAP
metric in the high-precision map detection task. This proves that compared to only inputting semantic
segmentation, simultaneously inputting semantic categories and the instance segmentation constructed
in InstaDrive will enhance the cross-view consistency of the generated results, thereby enhancing the

network’s controllable editing ability for map elements in the generated results.

Table 3. The results of ablation study compared with ground truth annotation.

Comparison With Ground Truth

Method FID

Divider Ped Crossing Boundary Average
only semantic input 16.47 0.170 0.119 0.213 0.168
convolutional encoding 13.31 0.177 0.105 0.214 0.165
InstaDrive 13.47 0.206 0.122 0.240 0.189

Table 4. The results of ablation study compared with predicted results.

Comparison With The Predicted Results On Real Data

Method FID

Divider Ped Crossing Boundary Average
only semantic input 16.47 0.136 0.068 0.114 0.106
convolutional encoding 13.31 0.140 0.065 0.118 0.108
InstaDrive 13.47 0.157 0.077 0.132 0.122

The result in the second row of the Table 3 and Table 4 is the result obtained by using instance
segmentation input but using 10 convolution layers as the encoder. Since no encoder with instance
segmentation consistency as described in InstaDrive was used, the network learned the relationship
between different instance values. However, this relationship is for generating only noise and is not
conducive to learning. After this modification, the FID metric and the results of the complete method are
very close, but in the high-precision map detection task, the mAP metric significantly decreases. This
further indicates that merely looking at the FID metric is not sufficient, and the mAP in the high-precision
map detection task is a very important metric for evaluating the generation effect of map elements.

In conclusion, the above ablation experiments respectively prove the positive effects of the instance

segmentation input proposed in InstaDrive and the encoder with instance segmentation invariance.

5. Conclusions

This paper focuses on the annotation efficiency of training data for autonomous driving models and the
pain points of long-tail distribution, and proposes the InstaDrive generative data construction scheme. The
core innovation lies in converting the multi-dimensional physical information of the autonomous driving
scene (such as 3D bounding boxes of vehicles, BEV map elements, efc.) into a unified control condition of
2D instance segmentation. Combined with Stable Diffusion, it realizes the controllable generation of the
surround-view camera image, which not only solves the cumbersome problem of manual annotation, It can

also proactively build key corner case data. To address the consistency challenge of multi-view generation,

14
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InstaDrive effectively avoids the problems of view splicing deviation and inconsistent cross-view instance
forms through the condition design of the input layer. Ultimately, experiments on the nuScenes dataset
verified the effectiveness of this method in editing the positions of vehicles and map elements, providing

a feasible path for the large-scale and high-quality construction of autonomous driving training data.
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