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A Policy Model Based Efficient and Accurate Scene
Recognition Method for Service Robot

Shaopeng Liu

Abstract—In domestic environments, assigning scene semantic
labels (scene recognition) to each node of a topological semantic
map is an important task. Given the limitations of current scene
recognition methods in efficiency, and accuracy for service robot,
this letter proposes a scene recognition method based on a policy
model. Considering the similarity of images captured from the
adjacent nodes and the low-quality image caused by the uncertain
node position and observation direction of the robot, we develop a
policy model using a deep Q-learning network (DQN). This model
enhances accuracy and efficiency by deciding whether to (1) inherit
the scene type from the preceding node without re-recognition or (2)
adjust the robot’s observation angle to capture a more informative
image. A rule-based reward function integrated with a scene score
model enables simultaneous learning of similarity assessment and
viewpoint adjustment policies. Furthermore, a training strategy
based on generated path is proposed to provide sufficient data for
training the policy model. Extensive comparative experiments in
simulated environments demonstrate that our method surpasses
state-of-the-art approaches in both recognition accuracy and effi-
ciency. Deployment on a mobile robot confirms its practical efficacy,
achieving precise and efficient scene recognition across diverse
real-world environments.

Index Terms—Scene recognition, topological semantic map,
robot active vision, DQN, service robot.

I. INTRODUCTION

EMANTIC maps integrating scene- and object-level se-
mantic labels into 2D topological representations [1], [2],
[3], help robots for robust environmental understanding, par-
ticularly distinguishing functional spaces like kitchens from
other rooms [4]. For service robots in domestic environments,
scene semantics (e.g., bedroom, kitchen) constitute a critical
component of a topological semantic map [5], [6]. The task of
assigning semantic labels to each node in a topological semantic
map is termed scene recognition [4], [7].
Rooted in deep learning paradigms, training deep net-
work models on large-scale scene datasets (e.g., MIT-67 [8],
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Fig. 1. The framework of proposed scene recognition method based on a

policy model. Unlike conventional approaches, our framework decomposes the
scene recognition task for each node into two sequential phases: (1) judgment
and adjustment, and (2) recognition. Judgment and adjustment phase serves: (1)
evaluating whether the image captured at the current node exhibits similarity
to the last node’s image to improve the efficiency of scene recognition and (2)
adjusting the viewing angle based on observational context for more accurate
scene recognition.

SUN397 [9]) enables single-image scene recognition [10],
which assumes high-quality input images with comprehensive
scene information. However, low-quality images containing
occlusions or incomplete fields of view may be captured due
to uncertain topological node positioning and robot viewing
angles, causing low scene recognition accuracy [11]. Although
recognizing multiple images captured from various nodes [4],
[12] or multi-view images from one node [13] improves the
recognition accuracy to some extent, ignoring visual similarity
between nodes leads to extensive and redundant image recog-
nizing, which incurs inefficient scene recognition.

To address the problems of low accuracy and inefficient scene
recognition, these challenges, we propose a scene recognition
method based on a policy model (see in Fig. 1), which decom-
poses the scene recognition task for each node into two sequen-
tial phases: (1) judgment and adjustment, and (2) recognition.
Based on the outcomes of the first phase, the second phase either
employs a deep learning-based model for recognition or adopts
an inheritance mechanism. Specifically, if image similarity is
detected, the recognition result from the last node is inherited for
the current node, thereby bypassing redundant model execution.
Else, the image captured from the current node is recognized.
When the current image is low-quality, viewpoint adjustment
will occur and the modified image will be recognized to generate
the scene recognition result for the current node.

Since the second phase constitutes a conventional image
recognition task that is relatively straightforward to address, this
paper primarily focuses on optimizing the first phase. The initial
phase involves two interdependent tasks—judgment (similarity
evaluation) and adjustment (view optimization)—which tradi-
tionally require separate network models. Such an approach,
however, introduces redundant parameters and computational
overhead. To resolve this inefficiency, we propose an unified
policy model capable of jointly executing similarity judgment
and view adjustment. This model, built on a deep Q-Learning
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network (DQN), accepts paired inputs comprising images from
the current and preceding nodes. Its outputs are discrete actions
encoding similarity result and angular adjustment values. A
scene score model and rules-based reward function is designed
to provide action-specific feedback, guiding the policy model
toward optimal action selection during training. Additionally,
due to the absence of predefined training paths with nodes, we
introduce a generative path-based training strategy to iteratively
refine the policy model. The principal contributions of our work
can be summarized as follows.

1) A DQN-based policy model is proposed, which simulta-
neously evaluates inter-node image similarity and adjusts
view angle to enhance the efficiency and accuracy of scene
recognition.

2) Arule-based reward function integrated with a scene score
model and a training strategy based on generative path are
designed to enable effective co-learning of judgment and
adjustment policies of the policy model.

3) The proposed method is compared with the state-of-the-
art methods in simulated environments, demonstrating
its superior efficiency and accuracy over state-of-the-art
methods. In addition, our method is deployed on a mobile
robot in real-world environments, and its effectiveness is
verified.

II. RELATED WORK

A. Scene Recognition

Early methods of scene recognition [14], [15] focus on
manually extracted features. Along with the emergence of
Convolutional Neural Networks (CNNs) (e.g., ResNet [16],
densenet [17], etc.) and large-scale scene datasets (e.g., MIT-
67 [8], SUN397 [9]), deep learning based approaches [18], [19]
have been a popular mode to address scene recognition problem.
As a multi-class classification problem, indoor scene recogni-
tion [20] aims to label various functional areas by semantic
information (e.g., dining room, kitchen). Several methods were
developed based on object relationship [21], [22] or object-scene
relationship [23] in an image to recognize scene. What they have
in common is using single image for indoor scene recognition.
However, during semantic mapping, a single image may contain
occlusions or incomplete fields of view, leading to wrong scene
recognition.

To improve the scene recognition accuracy, utilizing mul-
tiple images for indoor scene recognition can be combined
with semantic mapping [4], [12], [13]. Niko et al. [12] applied
CNN to process sequential multi-image inputs during map-
ping, refining results via Bayesian filtering. Similarly, Ygor
et al. [4] extracted the deep visual features from multi-view
images to recognize the scene. In addition, viewpoint opti-
mization strategy, such as the reinforcement learning-based
method by Jose et al. [13] to prioritize informative perspec-
tives, enhance recognition accuracy during mapping. But it
needs extra information (geometric knowledge, semantic knowl-
edge, and laser data). Although these multi-image based ap-
proaches can improve the scene recognition accuracy to a cer-
tain extent, they ignore the similarity of the images captured
from the adjacent nodes, reducing the recognition efficiency.
Therefore, we propose a policy model based scene recognition
method to enhance both the accuracy and efficiency of scene
recognition.

B. Deep Q-Learning Network

Deep Q-Learning Network (DQN), one of the most
popular algorithms in reinforcement learning, was developed
for single-agent environments by Google DeepMind [24]. Com-
pared with basic Q-learning [25], DQN utilizes Convolution
Neural Networks (CNN) as an approximation to fit the value
function for each state. Combining the experience replay with
target Q-network [26], DQN can eliminates correlations.

DQN has been a popular tool in robotics field, such as
multi-robot management [27], [28], path planning [29], [30], and
manipulation [31], [32]. However, the DQN-based models that
can judge image similarity and adjust view simultaneously are
less involved. Therefore, we need to design a novel DQN-based
policy model for these two tasks as well as a suitable reward
function. In addition, a training strategy based on generated path
is necessary for the DQN-based policy model.

III. PROPOSED APPROACH

A. Problem Formulation

In a domestic environment, a robot traverses a predefined
path p comprising discrete nodes O = {01, 09, .. .,0,}, Where
nodes are determined based on fixed time or distance intervals
during the robot’s motion. Image 7, captured at o, is assigned
a semantic label Y (e.g., bathroom, bedroom, etc.) via a deep
learning-based scene recognition model:

foliz) =Y, D

where 6 represents the model parameters.

To mitigate redundancy, the current node o, and its previous
node o, 1 may inherit labels if their images i, and i, exhibit
similarity. A binary similarity judgment strategy

7s(ip—1,12) = {yes, no} )

is defined. If ms returns no at o, i, is recognized by fy.
Otherwise, o, inherit the label of 0,,_1.

To address suboptimal image quality (e.g., occlusions, incom-
plete fields of view) caused by the uncertain node position and
observation direction of the robot, a view adjustment strategy
m, optimizes camera angles to capture discriminative images.
Considering that the images captured from the similar angles
have little differences, a discretized action space

A, = {—60°,—30°,0°,30°,60°} 3)

is set for m,, where negative angles indicate counterclockwise
rotation and positive angles denote clockwise rotation. After
executing an action a, € A, at o, the new captured image i/,
is obtained, expressed by a transition function:

il =T (0g,0z). “4)

The recognition result of feeding ', into fj is the label of 0.
Since separating implementations of 74 and 7, using distinct

neural networks introduce parameter redundancy and training

complexity, we unify them into a single action strategy:

T(ig_1,iq) = {—60°, —30°,0° 30°,60°, yes}  (5)

approximated by a DQN-based model @) g. This model optimizes
an action-value function

Qﬁ(imflvim) _> ﬂ—(imflvim% (6)
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Algorithm 1: Reward Function.
v | Cupu Input: Scene score model f5(7), current node image
| o iy, ground truth of current node [,, last node
S label {,_1, scene score S, of l,_1, and
-» - S current node action a,,.
H Output: Reward 7,, of a,.
3 1ifl,_y =1, and s,_1 = 0.5 then
2 | if a; = yes then
3 lpy = lz—1 /] Scene recognition result of current
””””””” node
Fig.2. The architecture of DQN-based policy model with the input 224 x 224 4 | Tax = 2
images. The two feature extraction module have the same structure based on 1
ResNet-18 backbone [16], excluding its final fully connected layer. This module 5 else ) )
outputs two 512-dimensional feature vectors v; (last node) and v. (current 6 l; = T(Zx, ax)
node). These vectors are concatenated to form a 1,024-dimensional fusion f ( ) —
. . 7 x» Se = Js -1 Sz
feature vy. The output layer comprises six neurons to generate Q-values for
the corresponding actions. 8 if [, = l then
9 L Ta, = 1
10 else
where 3 denotes the parameters learned through reinforcement 11 L Ta, =0
learning. The final scene label ¢(o,,) is determined as L -
12 else
$(0,) = {f&(T(vaQB(%th)))v Qpliz-1,is) # yes 13 if a, = yes then
#(0p-1), Qpliz—1,1iz) = yes 14 lp =l
7 15 if I, = [, then
16 | ra, =1
B. DQON-Based Policy Model 17 else
1) Model Architecture: As shown in Fig. 2, the DQN-based 18 L Ta, =0
policy model implements ()3, accepting two RGB images cap- =
tured at the last and current nodes as inputs. The policy model 19 else
will generate Q-values for the six discrete actions defined in (5). 20 Z; =T (iz,az)
2) Reward Function: A novel reward function is proposed 21 ly, Sz = fé( ")y Su—1 = Sz
fgr training the DQN-based policy modellin t.he Active.Vi- 2 if I, = [, then
sion Dataset Benchmark (AVDB) [33], which is summarized  ,, L o =2
in Algorithm 1. The reward function integrates a scene score ‘
model (SSM) fq(i) with heuristic rules to incentivize label 24 else
inheritance from the preceding node when appropriate. The 25 L Ta, =0
SSM architecture employs a ResNet-18 pre-trained on ImageNet L -

dataset [34], which has a stronger discrimination ability for im-
ages. As ImageNet dataset contains 1,000 categories of objects,
the ResNet-18 can only recognize object images rather than
scene images. Therefore, to recognize the needed five categories
of scenes (bathroom, bedroom, kitchen, living room, dining
room) in AVDB, SSM is fine-tuned using corresponding scene
image subsets from MIT-67 [8] and SUN397 [9]. The trained
SSM generates scene category score, where higher values reflect
greater prediction confidence.

As outlined in Algorithm 1 (lines 1-4), if the preceding node’s
label matches the current node’s ground truth and the preceding
node’s score exceeds 0.5, the agent receives a positive reward of
2 for selecting action yes to inherit label [,_;. Otherwise, the
agent executes view adjustment actions to capture a modified
image i/, (line 6). Then ¢/, is processed by SSM to yield the
scene category [, and score s, for the current node. Even if
I, is correct (lines 8-9), the agent receives half the maximum
reward (1) to reflect suboptimal action selection compared to
yes. When the adjacent nodes have differing scene types or the
preceding node’s confidence is below 0.5 (lines 12-25), the agent
should prioritize scene recognition over inheriting potentially
inaccurate labels. Even if the agent achieves a correct recognition

26 return rg

by selecting action yes, it only obtains a reduced reward (1). A
full reward of 2 is awarded only when view adjustments yield
correct recognition.

C. Training Strategy Based on Generated Path

Training the DQN-based policy model requires paths con-
taining scene recognition nodes. However, existing datasets
lack such paths. To resolve this, we utilize AVDB [33] to
synthetically generate training paths. AVDB provides numerous
image-scanned points across diverse domestic environments.
Each point comprises 12 images captured at 30° intervals, sim-
ulating robotic view adjustments for image acquisition. Starting
from a selected image-scanned point, paths are constructed by
sequentially connecting adjacent points. These points within a
path are designated as scene recognition nodes. Paths containing
at least four nodes are employed to train the policy model via
the propose training strategy detailed in Algorithm 2. In each
epoch (lines 4-24), the agent goes through the nodes from all
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Algorithm 2: Training Strategy Based on Generated Path.

Input: The generated P = {p1,po,..,p;}, scene score
model f5(¢), random number generator
Random(0,1) from 0 to 1, and empty buffer S.

Output: Well trained DQN-based policy model Q3.

1 Initialise a evaluation Qf and a target Qtﬁ with random
parameters

2 Ng = 0// step count

3 for m < 1 to M epoch do

4 for p in P do

5 p ={01,09,...,0,} // nodes in p

6 N, = 0 // node count in p

7 for o, in p do

8 Np=Np+1,N;=Ns;+1

9 The initial image 7, of o,

10 if N, = 1 then

1 lo, 150, ; = [s(ig) // previous node
label I, , and previous scene score
So, 1

12 if Ny > 200 and Random(0,1) < 0.9 then

13 L Ao, = Qﬁ Iy 177190)

14 else

15 Randomly choose an action a,, from

L {-60°,—-30°,0°,30°,60°, yes}

16 i, =T (i, a0,)

17 Get reward 7, based on Algorithm 1

18 Store {iz_1,%z,00,,Ta,, >0y} inS

19 if Ny, > 100 then

20 Sample batch by from S randomly

21 Use b, to train Qj using Adam
optimizer

22 if N;%400 = 0 then

23 | Qf =05

24 return Qf

the generated paths. For the first node, the label and scene score
of previous node is the same as the current node (lines 11-12).
The agent tries an action to obtain a reward based on Algorithm
1, forming the five elements {i,_1,%., a0, ,7a,, %, } Stored in
the buffer S (lines 13-19). When step V5 > 100, sample batch
bs from S randomly to train QF (lines 20-22). Experience replay
is introduced every 400 steps (lines 23-24).

IV. EXPERIMENTAL SETUP

A. Simulated Environments and Setup

We employ AVDB [33] as simulated environments to gener-
ate the path for training and testing the proposed method and
baseline approaches. AVDB comprises five distinct scene types:
bathroom, bedroom, kitchen, living room, and dining room. To
enable consistent evaluation of recognition performance across
all scene categories, we ensure both training and testing environ-
ment groups contain examples from all five scenes. Specifically,
Home_2,4,6,10,16 are selected to generate training paths,

NE RECOGNITION METHOD FOR SERVICE RQBOT . ] 11955
-L) paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.

Eh,

463 ey
1012 14 = &
101820 25 5 43 TS
S RS <
Node number in a path & @»‘&

Fig. 3. Quantitative distribution of paths: (a) count of path that contains
different node number, and (b) number of various scenes.
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Fig.4. Three real-world experimental environments: lecture_room, office, and
kitchen (a) and the mobile robot: Scout mini.

while Home_5,7,8, 14,15 serve as testing environments. The
quantitative distribution of paths across the environments is
illustrated in Fig. 3.

The simulation experiments were conducted on a server
equipped with an Intel Core i7-13700 K CPU, 64 GB memory,
1 TB SSD storage, and an NVIDIA GeForce RTX 4060 Ti GPU.
Our method' was implemented in Python using PyTorch deep
learning framework, running on a Linux-based Ubuntu 18.04
operating system.

B. Real-World Environments and Setup

As illustrated in Fig. 4(a), the experiments were conducted in
three real-world environments—a lecture_room, an office, and
a kitchen—to validate the practical performance of our method
on topological semantic mapping. The mobile robot platform,
depicted in Fig. 4(b), integrates the following components: an
Intel RealSense D435 RGB-D camera, a MID-360 3D LiDAR,
an NVIDIA Jetson Orin NX onboard computer, and a Scout Mini
mobile chassis. The D435 camera, mounted at 1.3 m height, cap-
tures RGB images at 224 x 224 pixel resolution. The MID-360
LiDAR generates 3D environmental maps annotated with nodes
of scene labels. The policy model and scene recognition model,
implemented in Python, are executed on the Jetson Orin NX
using Ubuntu 20.04, PyTorch, and ROS 2 Humble. Notably, the
policy model architecture remains consistent with that used in
simulation experiments. To enhance method extensibility, we
employ the Places365-ResNet50 model [35], enabling recogni-
tion across broader scene categories. The Scout Mini chassis
dynamically adjusted its orientation based on angular outputs
from the policy model.

Fig. 9 demonstrates the experimental configuration, where
each environment contains an evaluation path comprising
multiple scene recognition nodes. Node counts scales with
environment size, yielding 17 total evaluation nodes across all
environments. All paths originates at node (1). At each node,
the robot executes the policy model to determine subsequent
movements based on initial visual observations from the
RGB-D camera. The recognition result of each node is labeled
on the 3D LiDAR map to form a topological semantic map.

Uhttps://sites.google.com/view/asrmtsm/
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Fig.5. The average reward curves of VSM and Ours using five different seeds,
where the line denotes the average reward of every 100 steps and the error bar
refers to the standard deviation.

TABLE I
THE TRAINING PARAMETERS OF SRM, VSM AND OURS

Method SRM VSM Ours
Image size 224 x 224 224 x 224 224 x 224
Batch size 32 16 16
Learning rate 3 5 2.5 4 2.5 4
Memory size - 200 200
Replace target iterations - 400 400
Optimizer Adam Adam Adam

C. Evaluation Metrics

We evaluate method performance using two quantitative met-
rics. First, standard recognition accuracy (acc) as defined in prior
work [12], [13]:

ace = —<, ®)
Nall
where n. denotes correctly recognized nodes, and n,;; repre-
sents the total node count. Second, to quantificationally express
how often the scene recognition model is used, we introduce an
efficiency metric called recognition rate (re):

_ Num(fy(ix))

N

re ; ©))
where Num( fy (i, )) quantifies the number of scene recognition
model executions among n.. re < 1 indicates that the execution
of scene recognition model is not required for every node. Lower
re corresponds to greater efficiency, as fewer model executions
achieve equivalent recognition performance. In addition, model
computational time at each node (mct) is recorded as a metric
of scene recognition efficiency.

D. Baseline Methods and Implementation Details

We evaluate our method against three baseline methods, im-

plemented as follows:

1) SRM: The common solution is to train a deep network on
scene datasets to recognize scene. A scene recognition
model (SRM) based on Vision Transformer [36], ini-
tially pretrained on ImageNet [34], serves as the baseline
scene classifier. SRM is fine-tuned on 8,711 images from
MIT-67 [8] and SUN397 [9] to recognize our five target
scene categories using the parameters in Table. I. During
training, SRM is saved and tested every epoch. The model
achieving peak testing accuracy is selected as the baseline
result of SRM.

2) SRM-Bayes: We extend the idea of [12] that uses a
Bayesian filter to process the recognition results of the
scene images from the adjacent nodes for determining the
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Fig. 6. Some path instances from testing environments, including the scene
recognition result of each node by baseline methods and ours. The error node
means the wrong result obtain by the scene recognition model. The correct node
indicates the scene recognition model outputs right scene category of the node.
The correct node without recognition denotes the right result of the node obtained
by inheriting from the preceding node instead of running the scene recognition
model.

] ‘ol FW W W

ves bedroom

yes bedroom  yes bedroom  yes bedroom

yes bedroom

w® ®

] ol e i

yes bedroom  yes bedroom

| — Path @ Correct node @ Correct node without recognition 60° Action type bedroom Recognition result |

Fig. 7. Demo of scene recognition processes using our proposed method. The
left part is the paths with nodes. The right part shows the initial observed image
of each node, the output of the policy model, the captured image after performing
the action, and the scene recognition result of every node.

final scene category. Considering that the scene recogni-
tion model used in [12] is AlexNet, an early CNN, we
leverage the same SRM to replace the AlexNet for a fair
comparison.

3) VSM: Following the tactics presented in [13], a view se-
lection model (VSM) based on DQN is used as a contrast.
Ateach node, VSM can rotate view for better recognition.
SRM is leveraged to recognize the initial image and the
new captured image. Then the recognition results of these
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t recognition
O Node with recognition
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Dining room [l Bathroom

Il Living room

Fig. 8.  Demos of scene recognition in three large and complex indoor envi-
ronments: (1) 00847, (2) 00877, and (3) 00843 from HM3D using our method,
including floor space, whether the scene recognition model is used and the
recognition results.

lecture_room

kitchen

[ ® Node

Path @ Correct node without recognition @ Correct node with recognition |

Fig. 9. The built topological semantic maps of lecture_room, office, and
kitchen using three-dimensional laser, including nodes of scene recognition,
path, and recognition results.

two images are fused by the same Bayesian filter in [12]
to output the scene category of the node. We utilize an
18-layer ResNet [16] to build VSM. As there are five
actions {—30°, —15°,0°,15°,30°} in [13], a new fully
connected layer containing five neurons is added in VSM.
The negative values indicate counterclockwise rotation
and positive values are clockwise rotation. The reward
function is based on the recognition result of new captured
image after rotation. If the recognition result is correct, the
reward is 2. Else, the reward is 0. VSM is trained five times
using the parameters in Table I with different random seeds
(5, 10, 15, 20, 25). The average reward curve is shown in
Fig. 5. During the training, we save checkpoints every 25
steps and select the highest acc as the result of VSM.

4) VLM: Well trained vision-language model (VLM) can out-
put the semantic information of the image including scene
category by zero-shot way. We leverage two state-of-the-
art VLMs (Open-vlip [37] and GOPT [38]) to recognize
scene by inputting both an image and a prompt of the five
scene labels. Then Open-vlip and GOPT can output the
scene recognition result.

Our proposed method (Ours) includes the DQN-based policy
model and a scene recognition model to recognize scene at each
node. This scene recognition model is replaceable according to
the category of the target scene. As AVDB has five types of
scenes, ours uses the same model as SRM for scene recognition.
When recognizing more types of scenes, we will employ a well-
trained Places365-ResNet50 model [35] that can recognize 365
categories of scenes. The DQN-based policy model is trained
under identical seed conditions as VSM. The training parameters
are given in Table I. For accelerating network convergence, all
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TABLE II
THE TESTING RESULTS OF THE BASELINE METHODS AND OUR APPROACH

Home acc Avg  Avg  Avg
Model 5 7 8 14 15 acc re mct(ms)
SRM 0.7725 0.2878 0.7794 0.7700 0.8383 0.7329 1.0000 5.3735
SRM-Bayes 0.8188 0.3284 0.8277 0.8217 0.8717 0.7769 1.0000 5.3743
VSM 0.8957 0.4059 0.8655 0.8553 0.8643 0.8196 1.1772 8.2897
Open-clip 0.8638 0.7159 0.8803 0.8502 0.9498 0.8675 1.0000 231.41
GOPT 0.7203 0.5129 0.8278 0.6305 0.8086 0.7235 1.0000 130.17

Ours 0.8942 0.8339 0.8992 0.8372 0.9294 0.8870 0.4018 5.0752

network parameters including those in the feature extraction
modules are not fixed during training. The training progression
(see in Fig. 5) demonstrates stable reward convergence. We
select the optimal checkpoint (every 25 steps) through joint
evaluation of the policy model and SRM performance as the
final result of ours.

V. RESULTS AND ANALYSIS

A. Results in Simulated Environments

1) Quantitative Results and Analysis: The comparative re-
sults of baseline methods and our proposed approach are sum-
marized in Table II. Given the inherent uncertainty in node image
quality, sole reliance on single-image recognition (SRM) yields
the low acc across the test environments, with particularly severe
degradation in Home_7 (0.2878). SRM-Bayes demonstrates
4.4% accuracy improvements over SRM through Bayesian in-
tegration of adjacent node information, confirming the utility of
node context in scene recognition. While VSM achieves compet-
itive accuracy (average acc 0.8196) via active view adjustment,
its elevated re > 1.1 reveals substantial computational overhead
from multi-image processing, resulting in low efficiency of
scene recognition. Although Open-clip and GOPT can recognize
scenes directly without any extra training, they obtain lower acc
than ours. Especially, Open-clip and GOPT including too many
network parameters leads to bigger mct as well as inefficient
scene recognition.

Our method establishes new state-of-the-art performance, sur-
passing all baselines in average acc. The consistent superiority
across environments (acc > 0.83) demonstrates robust adapt-
ability, contrasting with baseline methods’ significant perfor-
mance variance (e.g., SRM’s 0.55 acc gap between Home_15
and Home_7). The baseline methods need to use the scene
recognition model as least once at each node. In comparison, our
approach maintains computational efficiency (re only 0.4018)
through selective execution of scene recognition model, requir-
ing less computational load but more accuracy. This is also
reflected in the aspect of model latency. Our method achieves
the smallest average mct (5.0752 ms) in Table II, proving its
advantages on scene recognition efficiency.

2) Qualitative Results and Analysis: Fig. 6 illustrates the
superior performance of our method through representative path
instances. SRM exhibits the highest error node count across
all environments, reflecting its limited scene discrimination
capability. While SRM-Bayes and VSM demonstrate moder-
ate improvements in Home_5, 8, 14, 15, both fail to recognize
plenty of nodes in Home_7. In contrast, our method achieves
consistent accuracy across simple (Home_15) and complex
(Home_T) paths. Notably, there are only small number of scene
recognition model executions among correct nodes achieved
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Fig. 10.
TABLE III
ABLATION STUDY RESULTS ABOUT POLICY MODEL AND SCENE RECOGNITION
MODEL
Home acc Avg Avg
Type 5 7 8 W 15 acc re

0.7329 1.0000
0.7015 0.8429
0.8514 0.4018
0.8870 0.4018

No action + SRM

Random action + SRM
PM + Places365-ResNet50
Ours (PM + SRM)

0.7725 0.2878 0.7794 0.7700 0.8383
0.7681 0.3579 0.7332 0.6822 0.7751
0.8710 0.8745 0.8655 0.8269 0.8197
0.8942 0.8339 0.8992 0.8372 0.9294

by our approach. The designed policy model generating the
inheriting strategy improves the efficiency.

To demonstrate the scene recognition process of the proposed
method concretely, Fig. 7 gives a demos. The first path is in a
bedroom. Atnode (1), the policy model retains the original view
(0°) due to sufficient visual cues (bed, nightstand). For node (2),
spatial similarity to node (1) triggers label inheritance without
scene recognition model execution. Subsequent nodes (3)—(8))
employ the same recognition strategies, achieving correct re-
sults.

Moreover, our method has been evaluated on Habitat-
Matterport 3D Research Dataset (HM3D) [39] that con-
tains houses with many rooms and large venues. Places365-
ResNet50 [35] is employed to replace SRM since the scene
category in HM3D is beyond the five scenes in AVDB. Among
the 64 nodes in Fig. 8, our method obtains 0.9063 acc and 0.4138
re, indicting its scalability and broader applicability in large and
complex environments.

3) Ablation Study: To justify the performance of our method,
the ablation study about the policy model and the scene recogni-
tion model has been done in AVDB. We use two action strategies
(no action and random action) to replace our DQN-based policy
model (PM) for testing respectively. In addition, we employ
Places365-ResNet50 model instead of SRM for scene recogni-
tion.

The results of ablation study are shown in Table III. Compared
with no action and random action, our method including PM
achieves the highest acc and lowest re in Table III, indicating
that PM helps to improve the accuracy and efficiency of scene
recognition. When assessing our method in AVDB, choosing
SRM rather than Places365-ResNet50 for scene recognition can
obtain a higher acc (see in Table III) since SRM has better recog-
nition ability on the five types of scenes in AVDB. Therefore,
the design of our method is effective and reasonable.

B. Results in Real-World Environments

What stands out from Fig. 9 is that our method successfully
recognize the scene of each node and achieves 0.3529 re, under-
scoring its accuracy and computational efficacy for topological
semantic mapping. More importantly, the policy model—trained
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The scene recognition process of each node, including the initial observed image, output action (aqua block), and scene result (orange block).

exclusively in simulation environments lacking the three target
scene types (lecture_room, office, kitchen)—performs effec-
tively in real-world settings, highlighting the method’s robust
transferability.

To show how the robot accomplishes the scene recognition
at each node, detailed processes are illustrated in Fig. 10. At
node (1) in the lecture room, the initial observation (image (1))
contains sufficient discriminative features, enabling the robot to
classify the scene immediately via a 0° rotation. At node (2), the
policy model leverages visual similarity between image (1) and
image (2) to inherit the prior node’s result, bypassing redundant
scene recognition computations while preserving accuracy. This
inheritance strategy persists at node (3)-(5) and (6)-(9). Crucially,
when significant visual discrepancies arise between adjacent
nodes (e.g., images (5) and (§)), the policy model triggers
re-identification through adaptive rotational adjustments (e.g.,
—60°), ensuring robust scene recognition.

Overall, these experiments confirm that our simulation-
trained model transitions seamlessly to real-world deployment
without fine-tuning. By balancing accuracy, computational effi-
ciency, and adaptability to environmental variations, our method
proves both practically viable and architecturally portable for
topological semantic mapping applications.

VI. CONCLUSION AND DISCUSSION

In this study, we proposed a policy model based scene recog-
nition method for service robots to enhance topological semantic
mapping through efficient and accurate node-level scene recog-
nition. We developed a DQN-based policy model to dynamically
determine whether to inherit the scene label from the prior
node or adjust the robot’s observation angle to capture more
discriminative image for recognition. A dual-purpose reward
function—combining a scene score model with rules—enabled
simultaneous learning of visual similarity assessment and view
adjustment. We implemented a path-generation approach and
training strategy that synthesizes diverse trajectories including
sufficient data to train the policy model. Extensive comparative
experiments validated our method’s superiority over state-of-
the-art approaches in terms of accuracy and efficiency. Cru-
cially, real-world deployments on a mobile robot confirmed the
practicality of the proposed method for constructing topological
semantic maps.

While our method exhibits strong overall performance, mi-
nor limitations emerge in spatially constrained environments.
For example, in the office (node (3) of Fig. 10), the model
prioritizes accuracy over computational efficiency by executing
fresh recognition rather than inheriting prior results, marginally
increasing re. Our future work will focus on further enhancing
the scene recognition efficiency by enabling the policy model to
predict the scene label of next node in advance.
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