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Abstract— In the absence of a pre-built indoor map, robot
navigation suffers from the limitations of sensors and environ-
ments, resulting in decreased efficiency in performing ad-hoc
tasks. Given that blueprints are difficult to obtain, an intuitive
method is to provide robots with prior knowledge via hand-
drawn floor plans. However, due to the inability of robots
to directly comprehend hand-drawn styles, the applicability
of this method is limited. In this paper, we present a novel
framework for hand-drawn floor plan reconstruction that can
recognize abstract hand-drawn elements and standardize the
reconstruction of hand-drawn floor plans, thereby providing
robots with valuable global map information. Specifically, we
design a new series of structure descriptors as reconstruction
components and employ a deep learning-based model for
recognition. Then the standardized results are obtained through
the proposed floor plan reconstruction algorithm. To verify
the effectiveness of the framework, we conduct experiments
on electronic and paper hand-drawn floor plans. Compared
with other state-of-the-art methods, our proposed method
achieves superior reconstruction results. This work expands
the application scenarios for indoor robots, enabling them to
quickly comprehend the semantics of complex scenes, thereby
enhancing the competitiveness in downstream tasks.

I. INTRODUCTION

In recent years, robot scene understanding has attracted
significant attention from both the industrial and academic
communities [1]–[5]. In exploring the unknown environment,
indoor maps can help robots improve the efficiency of
mapping and navigation [6]–[9]. As shown in Fig. 1, every
second is crucial in emergency firefighting rescue missions,
and the inefficiency of robots that rely only on random
searches without pre-built maps has become increasingly
prominent. Although blueprints are difficult to obtain in
reality, the trapped individuals can employ available tools to
provide hand-drawn floor plans. While humans can easily
understand the information in hand-drawn drawings and
determine the optimal rescue path, the uncertainties and non-
standard structures in such drawings pose challenges for
robotic comprehension. In this paper, we focus attention
on the reconstruction of hand-drawn floor plans to facilitate
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Fig. 1. (a) Robots rescue without maps. (b) Differences between robots
and humans with hand drawings. (c) Reconstruction algorithm helps robots
understand. (d) Combine downstream algorithms to perform rescue tasks.

robots to establish a basic understanding of uncertain indoor
environments. By integrating other downstream navigation
algorithms, robots can achieve higher efficiency in complet-
ing complex tasks in unknown environments. As far as we
know, there is currently no method for reconstructing hand-
drawn floor plans. To address this challenge, we propose a
novel framework for structure descriptors-guided hand-drawn
floor plan reconstruction.

Hand-drawn styles exhibit variations among individuals
and suffer from distortions, inconsistent alignment, non-
standard structures, complex backgrounds, and shadows. The
primary challenges in reconstructing floor plans mainly focus
on the recognition of noise elements and the understanding of
the correct relationship between structures. These challenges
hinder the application of traditional blueprint reconstruction
algorithms on hand-drawn floor plans [10]–[12]. In the do-
main of sketch synthesis [13], [14], such algorithms typically
prioritize overall stylistic similarity and cannot have precise
control over lines and angles. Moreover, from a sampling
perspective, the output of sketch synthesis is unstable.

In this paper, we propose a framework for reconstructing
floor plans to help robots understand hand-drawn floor plans
in uncertain indoor environments. The framework utilizes
a deep learning algorithm to recognize the information of
structure descriptors required for reconstruction. Then, the
standardized reconstruction algorithm is employed, which
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consists of three sub-algorithms: basic structural descriptor
connection, coordinate adjustment, and door/window re-
construction. In consideration of practical usage scenarios,
the reconstruction framework unifies the handling of both
electronic and paper hand-drawn floor plans, directly ob-
taining the final reconstruction results through an end-to-
end processing pipeline, without the necessity for explicitly
distinguishing between them during the computation process.
The main contributions of this paper can be summarized as
follows.

(1) To address the limitations of traditional mapping and
navigation methods in enhancing robots’ comprehension of
scene semantics, we propose a potential technology approach
to augment scene semantics using hand-drawn floor plans.

(2) With the aim of addressing the significant variations
in hand-drawn drawing styles among different individuals,
which can hinder scene understanding, we propose a novel
framework for structure descriptors-guided hand-drawn floor
plan reconstruction.

(3) Compared to other state-of-the-art methods, the frame-
work achieves superior reconstruction results, an enhance-
ment that greatly boosts the competitiveness of indoor robots
in downstream tasks.

II. RELATED WORKS

A. Floor plan blueprint reconstruction

The technique of floor plan blueprint reconstruction is
a relatively mature field and can be applied to subsequent
robot tasks. Previous works mainly focused on designing
rule-based algorithms according to the floor plan blueprint
characteristics [15]–[18]. Since the floor plan blueprint is
generally drawn according to rules, specific algorithms can
be used to recognize and correct walls [19]. Ahmed et al.
used expert algorithms to segment the blueprint into different
parts and obtain standardized floor plans by replacing them
with the original ones [20], [21]. To address the problem
of uneven wall thickness in the floor plan blueprint, a deep
learning model was designed to obtain a segmented image of
the walls [22], [23]. However, blueprints are drawn according
to specific standards, which simplifies the challenges of re-
construction. As shown in Fig. 2, in the hand-drawn drawing
with background and shadows, the Hough transform, contour
methods, and filtering methods commonly used in traditional
blueprint reconstruction completely fail.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 2. Blueprint reconstruction algorithm applies to blueprint and hand-
drawn. (a), (e) Blueprint and hand-drawn. (b), (f) Foreground extraction.
(c), (g) Contour extraction. (d), (h) Standardized reconstruction.

B. Hand-drawn object recognition

Hand-drawn object recognition is a technique used to
identify specific objects in hand-drawn sketches. Previous
research on hand-drawn sketch recognition can be divided
into online and offline methods [24]–[26]. Online methods
rely on user input information, such as pen speed and
curvature. Gennari et al. proposed a two-dimensional dy-
namic programming algorithm, where the object category is
determined by evaluating strategies and connectivity [27].
Offline methods use texture and shape information to rec-
ognize hand-drawn components [28], [29]. Dey et al. used
deep learning and boundary tracing to recognize hand-drawn
circuit components and connections [30]. However, in the
case of paper version hand-drawn floor plans, texture and
shape information are ambiguous on account of lighting and
photograph. Furthermore, these methods focus on improving
component recognition accuracy without considering the
relationship between recognition and reconstruction.

C. Hand-drawn sketch synthesis

Hand-drawn sketch synthesis translates hand-drawn style
images into another style image while maintaining the origi-
nal image content [31]–[33]. Our target could be considered
as translating hand-drawn floor plan styles into standardized
ones. The methods can be classified into supervised and
unsupervised learning. Pix2pix [34] established a correspon-
dence between hand-drawn sketches and translated images
by adversarial networks. CycleGAN [35] divided images into
content and style parts to achieve multi-to-multi mapping
between image domains. Diffusion model [36] enabled noisy
images to approach the forward-sampled domain during
training, and the translated image was obtained through
reverse diffusion processes. However, the methods based on
hand-drawn image translation cannot process each line and
corner accurately of hand-drawn floor plan standardization.
The output results are limited in terms of controllability,
editing ability, and interpretability.

III. METHOD

In this section, we will introduce the overall workflow
of the reconstruction framework as shown in Fig. 3. First,
define the structure descriptors and design a deep learning
network to recognize them. Then, employ the descriptor
recognition information to perform the standardized recon-
struction algorithm. In the Fig. 3, potential applications of
the reconstruction framework in downstream robot tasks are
also displayed.

Our definition of reconstruction is the transformation of
hand-drawn floor plans into standardized floor plan struc-
tures. This involves removing the background and shadows,
correcting misaligned, distorted lines and angles, recognizing
doors&windows and restoring their position. The standard
for reconstruction is the vector of the original floor plan.
This paper focuses on the restoration of straight lines, angles,
and doors&windows. Although this paper does not discuss
scaling due to the unknown original proportions in hand-
drawn floor plans, it is noted that these proportions can
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Fig. 3. Our framework for hand-drawn floor plan reconstruction, including structure descriptor recognition and standardized reconstruction algorithms,
and potential applications in the field of robotics.

be corrected through downstream matching algorithms. A
possible scenario involves using SLAM to obtain incomplete
mappings, which are then matched with floor plans to achieve
accurate proportion correction.

A. Structure Descriptor recognition algorithm
1) Structure Descriptor definition: We define a new series

of structure descriptors for the reconstruction framework. As
shown in Fig. 4, we define twelve sub-categories of descrip-
tors within three major structures. The first major structure
is the door and window descriptors used for reconstructing
the door and window structure, including door, window,
sliding door, and bay window. The second major structure is
the basic structural point descriptors used for reconstructing
the lines, including normal point, L point, T point, cross
point, window-wall composite point, and sliding door-wall
composite point. The third major structure is the direction
descriptors used to determine the direction of the door and
window, including the door direction point and bay window
direction point.

Basic structure descriptors Direction descriptorsDoor and window descriptors

(a) (b)

(c) (d)

(e) (f) (g)

(h) (i) (j)

(k)

(l)

Fig. 4. Examples of descriptor categories. (a) window. (b) door. (c) sliding
door. (d) bay window. (e) normal point. (f) L point. (g) T point. (h) cross
point. (i) window-wall composite point. (j) sliding door-wall composite
point. (k) door direction point. (l) bay window direction point.

2) Detector Design: The detector in this paper is based on
YOLOX [37], as shown in Fig. 5. Our annotation definition
is shown in Fig. 4. In the standardized reconstruction algo-
rithm, we employ the center point of the bounding box as the
location of the basic structure descriptions, and the aspect
ratio of the bounding box as the scale for reconstructing
doors and windows. We employ the overlap area to supervise
the offset of bounding box coordinates {xcenter, ycenter, w, h}.
Considering the above three geometric parameters, we em-
ploy the CIoU loss function to be represented as follows:

LCIoU = 1− IoU +

(
ρ2 (b, bgt)

c2

)
+ αv (1)

where IoU is the intersection over union between the pre-
dicted bounding box b and the ground truth bounding box
bgt, ρ is Euclidean distance, c is the smallest enclosing
box covering both b and bgt, α is balance parameter, v =
4
π2 (arctan

wgt

hgt − arctan w
h )

2 calculates width and height
consistency.

We utilize a confidence conf > 0.25 to select the initial
information for the standardized reconstruction from the
detection results of structure descriptors. The confidence loss
can be represented as follows:

Lconf = −
N∑
i=1

[yi · log(ŷi) + (1− yi) · log(1− ŷi)] (2)

where N is the total number of b, yi denotes the ground truth
label of bi, ŷi denotes the predicted confidence of bi.

In our standardized reconstruction algorithm, structure
descriptors are processed separately according to their de-
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Fig. 5. Deep learning descriptor recognition model.

tection categories. The classification loss can be represented
as follows:

Lclass = −
N∑
i=1

C∑
c=1

yi,c log(ŷi,c) (3)

where C is the total number of classes, yi,c and ŷi,c denote
the ground truth class and predicted class of bi, respectively.

The total loss for network optimization is a combination
of CIoU loss, confidence loss, and classification loss as
follows:

Ltotal = λCIoU · LCIoU + λconf · Lconf + λclass · Lclass
(4)

where λCIoU , λconf , and λclass are the weights that balance
the above three losses. In this paper, they are all set to 1.

B. Standardized reconstruction algorithm
After obtaining the descriptor information, we employ the

standardized reconstruction algorithm, which includes three
sub-algorithms as follows:

Basic structural descriptor connection. The bounding
box of the descriptor is extracted from the floor plan based on
the recognition information. Fig. 3 shows the representation
of the basic structural descriptor connection algorithm, which
closely corresponds to the transition from the recognition to
the connection. We define the basic structural point descriptor
as Bi, where i is the ith bounding box. The mth highest
pixel density is located at the edges of Bi bounding box
as Pi,m. The direction angle θi,m is the angle between
Pi,m and the center point in the bounding box. Given the
influence of background, the number of the Pi,m might
be inconsistent with the number of the Bi categories. We
propose the following connection rules:
• Connected domain condition. D is a connected domain

function. Pi,m and Pj,n must have the same connected
domain D(Pi,m) = D(Pj,n).

• Angle condition. We define to be the horizontal and
vertical direction θi,m ∈ A, and the other angles as
the diagonal direction. The connection rule:

||θi,m| − |θj,n||
i 6=j

≤

{
15◦ if θi,m ∈ A,
30◦ otherwise,

where A = [−15◦, 15◦] ∪ [75◦, 105◦]

∪ [165◦, 195◦] ∪ [255◦, 285◦]

(5)

• Direction condition. Two connected points have oppo-
site angles:

|θi,m − θj,n|
i6=j

≥

{
150◦ if θi,m ∈ A,
120◦ otherwise,

(6)

• Bidirectional condition. When multiple points match the
above three conditions. Let Pi,m and Pj,n be two match
sets of Pi,m and Pj,n. Two connection points are closest
to each other and can be represented as:

(Pi,m, Pj,n) = argmin
Pi,m∈Pi,m,Pj,n∈Pj,n

‖Pi,m − Pj,n‖2
(7)

Coordinate adjustment. Following the establishment of
connections, the lines within the floor plan remain distorted
and misaligned. We develop a coordinate adjustment al-
gorithm employing a depth-first search (DFS) strategy to
standardize the points. Fig. 3 shows the representation of the
coordinate adjustment algorithm, which closely corresponds
to the transition from the connection to the adjustment. The
algorithm is as follows in Alg.1.

Door and window reconstruction. According to the
coordinate information of the door and window descriptor,
bind each door and window to the connection line con-
taining its coordinates. After adjusting the coordinates, the
center coordinates of the door and window descriptors are
calculated based on the new coordinates of the binding
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Algorithm 1 Adjust Points Coordinates
Input: N = {B1, B2, . . . , Bn}, set of all basic structural

points with coordinate information (Bn.x, Bn.y), C =
{L1, L2, . . . , Lm}, set of point connections states, Alg.2.

Output: R, set of points with adjusted coordinates
1: Select an initial point Binit from N , and fix Binit.x and
Binit.y

2: Remove Binit from N and add it to R
3: for each direction dir in {horizontal, vertical} do
4: FIX EXTEND(N , C, Binit, dir,R)
5: end for
6: while there exists a B in N with either B.x or B.y not

fixed do
7: for i = 1 to |N | do
8: B = N [i]
9: if B.x or B.y has only one coordinate fixed then

10: Fix the B to its current coordinate
11: FIX EXTEND(N , C, B, dir,R)
12: end if
13: if both B.x and B.y have fixed then
14: Remove B from N and add it to R
15: end if
16: end for
17: if all B in N have both B.x and B.y coordinates

fixed then
18: break
19: else
20: Select a new Bnew from N , repeat from step 2
21: end if
22: end while

line information. Then, the door and window descriptors
are replaced with standardized door and window icons. The
direction of doors and windows descriptors is determined by
the direction descriptors.

IV. EXPERIMENTS

Our experiments verify the performance of our framework
from three perspectives: descriptor recognition, reconstruc-
tion results, and robot downstream applications.

A. Hand-drawn floor plan databset

The hand-drawn floor plans dataset includes paper and
electronic versions, comprising a total of 1000 images,
with sizes between 200-4500 pixels. For the paper version,
the images were drawn with a pen and subsequently pho-
tographed using a camera. For the electronic versions, the
images were drawn on electronic devices through touch. We
have conducted a questionnaire and the following definitions
conform to the drawing habits of the majority of individuals
without training (Fig. 6):
• Each person applies their drawing style. Multiple draw-

ing styles are allowed on one image.
• Dataset includes common hand-drawn situations such

as smudging, non-standard drawing, protrusions, and
erasing.

Algorithm 2 Fix Extend Function
1: for each L in C do
2: if L connects B and the other end Bother is not fully

fixed then
3: if dir is horizontal then
4: Bother.y = B.y
5: else if dir is vertical then
6: Bother.x = B.x
7: end if
8: Remove Bother from N and add it to R
9: FIX EXTEND(N , C, Bother, dir,R)

10: end if
11: end for

• For the paper version, uncertainties include camera
parameters, camera angles, backgrounds and shadows.
For the electronic version, uncertainties include the
devices, software and backgrounds.

(a)

Door(1)

Sliding Door

Window(1)

Wall

Bay window(1)
Door(2)

Door(3)

Window(2)

Bay window(2)

Bay window(3)

(b)

Fig. 6. The definition of hand-drawn floor plans. (a) The styles of hand-
drawn floor plans includes wall, window, door, sliding door, bay window. (b)
Examples of hand-drawn situations include: non-standard in red, smudging
in yellow, erasing in green, protrusions in blue, and shadow in purple.

B. Structure descriptor recognition

The algorithm is implemented in PyTorch 1.9.0, with an
input image size of 640×640. The model is trained for 400
epochs, with data augmentation enabled for the first 380
epochs. The base learning rate is set to 0.01/64, weight decay
of 5× 10−4, and momentum of 0.9. The algorithms run on
a computer with an Intel Core i7-11700F CPU and an RTX
3060Ti GPU.

1) Confusion matrix analysis: The confusion matrix re-
flects the relationship between the predicted results and the
ground truth of descriptors, as shown in Fig. 7. From the
predicted results, background misclassification dominates,
with few classification errors occurring among the descrip-
tors. From the ground truth, the prediction accuracy for
each category descriptor exceeds 0.9, which satisfies the
requirements of the reconstruction algorithm.

2) Comparison with recognition models: We compare our
model with other advanced deep-learning models as shown in
Tab. I. We measure the accuracy of the bounding boxes using
AP, where AP50 focuses on detection results with IoU ≥
0.5. AP@50:5:95 calculates the average AP starting from
IoU ≥ 0.5, with steps of 0.05. It can be observed that the
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Fig. 7. The confusion matrix of our algorithm. 1: Normal point, 2: L
point, 3: T point, 4: Cross point, 5: Window-wall, 6: Sliding door-wall, 7:
Door, 8: Window, 9: Sliding door, 10: Bay window, 11: Door direction, 12:
Window direction, 13: Background. The X-axis represents true labels, and
the Y-axis represents predicted results.

performances of our model are superior in most categories
with mAP (0.893) and AP50@50:5:95 (0.498). Notably, for
the basic structural point, our model is superior to other
models. For the hand-drawn floor plan reconstruction, the
results of the basic structural point descriptor are more
important. In contrast, for the direction descriptors, it is only
necessary to recognize the category correctly.

C. Standardized reconstruction algorithm

1) Deep learning algorithms design: Considering that
the blueprint reconstruction algorithm fails in hand-drawn
floor plans (Fig. 2), we design deep learning reconstruction
comparison algorithms based on sketch synthesis. We view
hand-drawn floor plans as input, directly synthesizing the
reconstructed results using generative models.

2) Qualitative comparison: The reconstruction results of
different methods are shown in Fig. 8. Deep learning models
could restore most of the wall structures in the simple floor
plan. However, it can be observed that in the complex hand-
drawn floor plans, the structures might be lost. The model
could not align lines horizontally or vertically and, worse yet,
could not maintain the same direction as the original image.
By comparison, our framework offers better reconstruction
results and allows for more flexible editing.

3) Quantitative comparison: We quantitatively compare
the standardized reconstruction results of advanced algo-
rithms as shown in Tab. II. Our method with a reconstruction
line accuracy of 0.932 and an angle reconstruction accu-
racy of 0.922, outperforming the deep learning algorithm.
Comparing the door&window reconstruction accuracy, it is
difficult for deep learning algorithms to predict the correct
window/door position.

Image Ours Liu et al. CycleGAN PFNetPix2Pix

Fig. 8. Comparison of our algorithm with the results of Liu et al. [41],
CycleGAN [35], Pix2Pix [34], and PFNet [42].

D. Efficiency analysis

After considering the requirements of real-world deploy-
ment scenarios, we conduct an efficiency evaluation of the
proposed reconstruction framework. Specifically, we com-
pute and comparatively analyze the efficiency of the struc-
ture descriptor recognition algorithm and the standardized
reconstruction algorithm within the framework. As shown in
Tab. III, the framework achieves an average of 0.545s for the
electronic version and 0.444s for the paper version. Across
both scenarios, the average computation time for the entire
reconstruction framework is just 0.474s. It is particularly
noteworthy that despite the standardized reconstruction algo-
rithm’s significantly longer average time, which is attributed
to its integration of multiple complex sub-algorithms, we
successfully manage to keep the total average time within
0.5s. This achievement meets the requirements for efficient
practical applications, showcasing the potential to enhance
robot downstream tasks.

E. Robot downstream application

We demonstrate the potential application of hand-drawn
floor plan reconstruction for robot navigation by combin-
ing it with SLAM in two scenarios. In order to apply
the reconstructed floor plan, we utilize the NBB [43] to
match it with real-time LiDAR images. Subsequently, we
meticulously adjust the rotation, flipping, and scaling of the
floor plan to ensure alignment with the actual scenarios. As
shown in Fig. 9 (a)-(d), we simulate a fire rescue scenario.
In the absence of pre-built maps, a full map search strategy
is applied as shown in (c), while applying our framework
combined with map matching could reduce search paths (d).
On the other hand, we simulate scenarios where dynamic
objects obstruct and doors close as the robot creates a map
for the first time (e)(f). This results in the robot failing to
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TABLE I
COMPARISON WITH DIFFERENT RECOGNITION MODEL

AP50 ATSS-ResNet50 [38] ATSS-ResNet101 FCOS [39] YOLOv3 [40] YOLOX [37] Ours

window 0.942 0.959 0.967 0.959 0.901 0.904
door 0.987 0.998 0.979 0.998 0.909 0.999

sliding door 0.948 0.970 0.946 0.970 0.909 0.908
bay window 0.975 0.976 0.967 0.976 0.909 0.909
normal point 0.612 0.641 0.616 0.641 0.801 0.780

L point 0.839 0.826 0.871 0.826 0.861 0.863
T point 0.820 0.801 0.853 0.801 0.878 0.866

cross point 0.831 0.677 0.882 0.677 0.889 0.897
window-wall 0.796 0.820 0.882 0.820 0.797 0.892

sliding door-wall 0.828 0.868 0.946 0.868 0.908 0.909
window direction 0.898 0.927 0.934 0.927 0.909 0.909

door direction 0.714 0.881 0.896 0.881 0.894 0.885

mAP 0.852 0.862 0.876 0.862 0.878 0.893
AP50@50:5:95 0.439 0.390 0.443 0.390 0.494 0.498

TABLE II
COMPARISON OF THE ACCURACY OF DIFFERENT ALGORITHM

RECONSTRUCTION RESULTS

Accuracy Line Angle Door&Window

CycleGAN 0.415 0.537 /
Liu et al. 0.683 0.738 /

Ours 0.932 0.922 0.936

TABLE III
EFFICIENCY ANALYSIS RESULTS

Average time(s) Recognition Stanardized Total

Electronic 0.067 0.478 0.545
Paper 0.037 0.407 0.444

Electronic and paper 0.046 0.428 0.474

cover these dynamic spaces in subsequent coverage tasks,
even if objects are removed and doors are opened, (g)(h).
However, hand-drawn floor plans provide information to
prompt potential coverage spaces (k). The robot understands
the scenarios and attempts to enter, thereby achieving more
comprehensive coverage (l).

V. CONCLUSION

With the motivation of enabling indoor robots to quickly
and comprehensively grasp the semantics of diverse and
complex indoor scenes, this paper presents a hand-drawn
reconstruction framework via structure descriptors guidance.
Meanwhile, we demonstrate the framework’s reconstruction
results through ample experiments and apply the recon-
structed maps to downstream tasks without pre-built maps,
showcasing its potential to enhance robot scene understand-
ing. We, therefore, anticipate that the outstanding perfor-
mance will enhance the adaptability of robot application
algorithms in unknown environments, e.g. rescue and ex-
ploration, particularly in complex scenarios. Nevertheless,
this framework is currently limited to common indoor floor
plans. In our future work, we will explore the applicability

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

(a) (b) (c) (d)

(e) (f) (g) (h)

(i) (j) (k) (l)

Fig. 9. Application results. (a)(e)(f) Fire, dynamic person, and closed
door scenarios. (b)(j) Lidar map. (c) Traditional search. (d) Our framework
applies to search. (g)(h) Traditional area coverage. (k) The reconstruction
floor plan prompt. (l) Our framework applies to coverage.

in more open scenarios, including unconventional floor plan
structures and outdoor scene graphs.
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