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Abstract—As wireless-equipped devices are widely deployed,
fingerprint-based indoor localization becomes popular due to its
simple yet precise feature. A key challenge is constructing an
accurate map of signals with their corresponding coordinates.
However, because the structural layout of each location uniquely
affects signal propagation from distinct access points (APs),
fingerprint maps cannot be transferred to other locations. This
leads to localization failure in unexplored areas. In this paper,
we propose CollageMap, an obstacle-aware fingerprint map
constructor embracing generic signal features and AP-oriented
unique features. We tackle the problem of fingerprint construc-
tion as a compound of two complementary maps: 1) obstacle-
independent universal map reflecting intrinsic propagation pat-
terns; and 2) obstacle-dependent adaptation map representing
the extrinsic effect of obstacles. We construct a universal model
that learns existing fingerprints in various training locations so
that it can be generally used at any other place. On top of the
universal map, another deep neural network (DNN) learns the
real signal deviations between the universal map and the ground-
truth map and generates the compensation as the adaptation
map for obstructed environments. Using real-world received
signal strength indicator (RSSI) testbeds across various wireless
radios, we have validated CollageMap provides outstanding signal
pattern estimation even in the presence of obstacles, achieving
improvements in localization accuracy of up to 30.36%, 17.95%,
and 16.97% using Wi-Fi, ZigBee, and BLE, respectively, via
adaptation. CollageMap effectively keeps the performance gap
of only 0.42%, 17.43 and 7.10% on average, compared to the
ground-truth map obtained from the site survey.

I. INTRODUCTION

Indoor localization has become a key technique for enabling
location-based applications and services within indoor envi-
ronments, including real-time navigation, personalized way-
finding, and emergency evacuation [1], [2]. With high avail-
ability of intelligent devices equipped with Wi-Fi or Bluetooth,
they measure a unique set of signal strengths as a fingerprint
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at each reference point and provide opportunities to capture
and extract an intrinsic characteristic of wireless signals.
Referencing a radio map of these signal fingerprints makes
it feasible to locate a user’s position instantly, without any
additional infrastructure or hardware investments.

As the pre-constructed fingerprint map consequently dom-
inates the robustness of localization [3], some amount of
sophisticated signal measurements at a target place is re-
quired. However, collecting signal measurements at every
single point along with its corresponding coordinates in a
region of interest via a site survey by humans or robots
(with SLAM) be inefficient. To mitigate the labor-intensive
and time-consuming processes, some generative model-based
approaches have been proposed to supplement limited data
points [4], [5]. Beyond the augmentation approaches, it is
possible to construct synthetic map, which can be used across
various indoor settings [6].

In fingerprint construction, signal strength is attenuated with
respect to distance from the transmitting APs. As a result,
understanding generic signal propagation behavior affected by
travel distance or so is essential for predicting radio signals.
This inherent generative map incorporates some generic char-
acteristics of signal propagation, and thus, it can be widely
used as a universal map across various contexts.

While distance is a basic factor, it is very difficult to capture
the complex nature of radio propagation, which exhibits high
variability and uniqueness depending on the presence and
density of nearby obstructions, even within the same building
or room. For this reason, localization becomes even more
challenging in obstructed areas, as the generic map itself is
insufficient due to the severe signal interference.

To address this problem, recent works have incorporated
distortion patterns caused by obstacles into the concept of
ray tracing [7]. However, these approaches typically require
highly computationally intensive processing, resulting in crit-
ical response latency and necessitating detailed structural
information. More closely related to the problem of signal
map generation, some works have studied the reconstruction



of the fingerprint map from a given original map, focusing
on fine-level customized adaptation [8]. In reality, however,
obstructions can significantly block and threaten the signal
path from a transmitter to a receiver, resulting in alteration.
Thus, fingerprint calibration needs to be conducted to adapt to
each different surrounding environment.

Now, we raise fundamental questions — How can we develop
a radio fingerprint map that remains applicable to unexplored
locations and positions? What is an effective method for
accounting for environmental obstructions in order to refine
the constructed generic radio map? It may be necessary to
capture intrinsic signal fingerprint patterns, and then further
adjust environment-dependent extrinsic variations caused by
surrounding obstruction. By doing so, it may be possible to
achieve site-survey-free indoor localization, enriching perva-
sive indoor localization.

In this paper, we propose CollageMap, a novel framework
for generating radio fingerprint maps to enable site-survey-
free indoor localization. CollageMap leverages two neural
networks: one for constructing a universal map that captures
general signal propagation patterns and another for creating an
adaptation map that adjusts for environment-specific obstruc-
tions. By incorporating environmental information, such as
obstacle layouts, CollageMap refines fingerprint map, bridging
the gap between estimated and actual signal conditions.

To the best of our knowledge, this is the first work that
leverages obstacle-awareness to enable site-survey-free indoor
localization across different target areas with deep learning
models. Our main contributions are summarized as follows:

« We devise a versatile map constructor to calibrate unique
distortion caused by surroundings along each different
path from APs to a target point on top of a generic radio
map significantly advancing indoor localization.

o Based on experiments using real-world RSSI datasets,
we validated that CollageMap contributes to improving
localization performance, by applying adaptation map on
top of universal map, up to 10.52%, and 16.03% at a
medium- and to a highly-obstructed place, respectively.

o We validated CollageMap using public datasets across
various wireless radios, including Wi-Fi, ZigBee, and
BLE, as well as datasets with channel state information
(CSI). The average localization error distance between
the ground-truth map and the CollageMap-generated map
was 0.01m, 0.38m, 0.12m, and 1.38m, respectively.

In Sec. II, we review related works to provide the context
for this study. The overall concept of the proposed scheme
is introduced in Sec. IIl. The detailed procedure for model
training and map generation is described in Sec. IV, followed
by a comprehensive evaluation in Sec. V. Finally, the paper
concludes with a summary in Sec. VL.

II. RELATED WORK

Indoor localization has been a critical research area for
decades with early systems paving the way for diverse ap-
proaches that estimate the location of a user [9] by leveraging
radio signal. The indoor localization research focuses on two

distinct types: detailed and fine-scale localization; and perva-
sive large-scale localization. Fine-scale localization methods
are characterized by achieving extremely precise position
estimates with sub-centimeter error [10], [11]. This makes
them suitable for applications requiring minimal localization
error, such as virtual reality systems or navigation systems for
individuals with disabilities, where precise tracking of user
movement is essential for immersive and extended experi-
ences [12]-[14]. However, infrastructure costs and deployment
complexity limit their use in large environments [15], [16].

In contrast, pervasive localization focuses on large-scale,
real-world deployments, prioritizing the ease of installation
and scalability over pinpoint accuracy [17]. This approach is
well-suited for environments such as malls, airports, or parking
lots, where a few meters of error is acceptable. Fingerprint-
based localization, a crucial tool for pervasive localization,
involves an offline phase in which a radio map is constructed
by collecting signal measurements at various reference points
within the target place. This is followed by an online phase,
where the user’s location is estimated by comparing cur-
rent signal measurement with the pre-constructed map. This
method enables smartphone-based localization without the
need for specialized hardware [18], [19].

Despite its wide adoption, fingerprint-based localization
faces notable challenges. The most significant challenge is
the burden of the offline phase, which requires extensive
manual site surveys to construct fingerprint maps by collecting
signal data at multiple reference points This process is time-
consuming, labor-intensive, and susceptible to environmental
changes such as the movement of furniture, the presence of
people, and device heterogeneity, all of which degrade the
accuracy of the pre-constructed maps [20]-[22].

Recent efforts to mitigate these challenges include tech-
niques such as data augmentation and generative map con-
struction, where synthetic signal measurements are used to
reduce the need for exhaustive on-site data collection [23]-
[26]. Some studies have explored the use of ray tracing and
obstacle-aware models to learn features for predicting signal
propagation in complex environments [27], [28], but these
approaches often come with significant computational costs
and are site-specific, limiting their applicability to particular
locations. Additionally, other research focuses on mitigating
errors in fingerprint maps caused by environmental changes,
though these methods typically require an initial map to be
collected before they can be applied [29].

Our proposed system, CollageMap, builds upon these ex-
isting approaches by addressing the key challenges of site-
survey-free fingerprinting through a novel obstacle-aware fin-
gerprint map generation framework. Unlike traditional meth-
ods that rely on extensive on-site surveys or purely synthetic
maps, CollageMap constructs an initial universal map that
captures generic signal propagation patterns and combines
it with an adaptation map to account for environmental ob-
structions. This approach enables efficient and scalable indoor
localization without the burdens of site surveys, making it
highly suitable for pervasive localization scenarios.
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Fig. 1: Map generation process of CollageMap for an obstacle-
aware fingerprint map generation

III. SYSTEM ARCHITECTURE

This paper addresses the challenge of generating realistic
radio fingerprint maps for indoor localization. Our objective
is to create a scenario in which on-site signal collection,
commonly known as a site survey, is unnecessary. Building
an accurate map without a site survey is difficult due to
environmental variability and the presence of noise. To address
this, we propose to infer a realistic radio map that captures
both intrinsic signal propagation features, which are generally
applicable for any place, and extrinsic features, which are
influenced by environmental obstructions. This enables exten-
sive and efficient on-the-fly radio map generation for indoor
localization eliminating the need for a site survey.

We propose CollageMap, a novel obstacle-aware fingerprint
map generation framework that integrates two complemen-
tary maps: 1) an obstacle-independent universal map and 2)
an obstacle-dependent adaptation map as shown in Fig. 1.
To develop this framework, we recognize that a fingerprint
map consists of signal measurements from multiple APs.
Since the signal from each AP follows a generic propagation
pattern, decomposing the fingerprint map into AP-specific
maps is more efficient, improving generalization. Additionally,
this approach helps capture environment-specific features, as
obstacles affect signal fading patterns differently based on
their relative position to each AP. Extracting these detailed
features enhances fidelity of the maps for specific target places.
Although movable objects like desks and chairs may introduce
dynamic effects, potentially confusing the model, we focus on
permanent structures, such as walls and pillars, as the primary
sources of obstruction to mitigate this issue.

The universal map focuses on presenting a generalized
map that is free from factors that introduce noise. Next, the
adaptation map is generated to serve as a bridge between
the signal propagation pattern represented by the universal
map, and that of a specific obstructed environment. The
adaptation map generation model learns by considering the
density of surrounding obstructions and the distance from
each AP to various points. For each AP, the model predicts

the expected fingerprint gap between the universal map and
the ground-truth fingerprints of the obstructed environment.
The merged map is formed by merging the adaptation map
with the universal map through element-wise fingerprint vector
addition. A set of merged maps is then constructed for the
existing APs, integrated in a final fingerprint map for the
target location. The overall procedure of our obstacle-aware
fingerprint map generation framework consists of three steps.

1) Segmentation: Decompose the entire fingerprint map
into a set of AP-oriented maps by separating the signal
strength vector into individual signal strength values for
each AP in the training environments

2) Map Generation:

a) Universal Map: Predict a universal map that cap-
tures general signal propagation characteristics for
each AP

b) Adaptation Map: Generate a complementary fin-
gerprint gap map relative to the universal map by
accounting for the level of obstacles

¢) Merged Map: Combine the universal map with
the adaptation map to create a merged map that
reflects the new AP distributions within the target
environment

3) Integration: Construct the final fingerprint map by
compiling multiple merged maps for a set of APs

IV. OBSTACLE-AWARE MAP GENERATION

We present CollageMap, an obstacle-aware fingerprint gen-
eration framework designed for new target areas without
requiring on-site signal data collection. The framework first
extracts features to construct a universal map using the first
model, based on various fingerprint measurements. It then
calculates the discrepancy between the universal map and real
fingerprint maps from training areas with different obstruction
levels. A second model is trained to compensate for these
discrepancies, adapting the generated map to specific environ-
ments, as illustrated in Fig. 2.

To generate a realistic universal map that accurately reflects
the major factor affecting signal propagation patterns, distance,
we employ an auxiliary classifier generative adversarial net-
work (AC-GAN) model [30] as the first model. Specifically,
AC-GAN is designed to generate fingerprints corresponding
to the distance between an AP and a given point. We choose
AC-GAN because it not only captures the inherent variability
in signal propagation without excessive smoothing, but also
facilitates stable training while incorporating auxiliary infor-
mation for more diverse and accurate outputs. This universal
map then serves as a scalable, generic baseline fingerprint map,
applicable to any location.

The adaptation map is generated using a deep neural net-
work (DNN) model, chosen for its simplicity, ease of training,
and ability to effectively capture the relationship between
input and output variables. The DNN learns the correlation
between obstruction levels, derived from the building’s struc-
tural information, and the errors observed in the universal
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Fig. 2: Our CollageMap architecture with AC-GAN for the universal map generation and DNN for the adaptation map
generation. Places A and B are used to train AC-GAN and DNN, respectively, and Place C is the target place

map. By referencing these errors, the second model adjusts
the universal map to account for the effects of environment-
specific obstacles, thereby enhancing its accuracy. Once both
the universal and adaptation maps are generated, an AP-
oriented merged map is created by merging them. To form
the complete fingerprint map, the individual AP-wise maps
for each existing AP in the test area are integrated, making
the system ready for localization in a new test environment.

A. Fingerprint Map Segmentation

In the first step of training, we segment the single fingerprint
map of signal measurement into AP-wise fingerprint maps,
effectively dividing them into n 4 p maps, each corresponding
to a single AP. The fingerprint map, M, is a set of data
collected from a real-world testbed, where each data point
consists of an signal measure vector and its corresponding
coordinates, defined as:

M = {(Cl, Sl)a (027 S2)7 T (Cndata’sndam)}a (D

where C; = {x;,y;} represents the coordinates, and S; =
{sz(-l), 852)7 e ,SEHAP)} is the signal measure vector for n 4p
APs. The number of points in the radio map M is Ngatq-
Since signal strength decays relative to the distance from
each AP, we segment the signal measurement vectors into n 4 p
individual signal measure values along with their coordinates.
Using the known AP coordinates, we replace these coordinates
with their relative distances to the AP. The decomposed map

M) for the j-th AP is given by:
M(j) = {(dgj)a ng))v (déj)ﬂ ng))v ) (dgfgmasgfgm)}a (2)
where dEj ) is the distance from coordinate C; to the j-th AP.

B. Map Generation

The merged map for each AP at the target location is
generated through three steps: creating two complementary
maps and then merging them. Each step will be explained in
detail in the following subsections.

1) Universal Map Generation: The generation of the uni-
versal map is intended to capture the general signal propaga-
tion patterns, which are primarily influenced by the distance
from an AP. To achieve this, the AC-GAN is trained to learn
and predict the universal map based on the distance from
the transmitting AP. This model generates signal measurement
value, fingerprint, that serve as a baseline representation of the
signal measurement distribution.

We design an AC-GAN model, referred to as the‘universal
AC-GAN in Fig. 2, that takes the relative distance dl(.J ) as input
and outputs the corresponding signal measure vector sgj) for
each data point ¢ and AP j. The training data consists of:

MU = {(d(ll)v 851))7 (dg2)a 5(12))7 R (d(nAP) s(nAP))}' (3)

Ndata ’ “MNdata

Upon completing training, the universal AC-GAN generates
signal measurement value i) for the given distance inputs
dz(-j ). This process is repeated ndata X n 4 p times to construct
the universal map.

2) Adaptation Map Generation: To improve the universal
map, we integrate an adaptation map designed to minimize
the error between the universal map and the ground-truth,
accounting for obstructions in the training environment.

The DNN model, referred to as the adaptation DNN in
Fig. 2, captures the impact of obstacles on signal attenuation.
Initially, a universal map for the training area is generated.
Subsequently, a ground-truth adaptation map is computed by
measuring the discrepancy between the two:

50 _ ) _ 4) )
fori € {1,2, - ,ngata} and j € {1,2,--+ ;nap}, @

©)

where 61@ ) is the error between the ground-truth value s;* and

the predicted value §§j ),

To train the adaptation DNN to associate the discrepancies,
5? ), with obstructions, we first generate a binary map of
obstacles at the grid level using building or room layout
information, as illustrated in Fig. 2, where obstacles are

represented by black-colored grid points, with non-obstructed



areas in grey. The level of obstruction for each AP is then
calculated as the ratio of black points to grey points:

(jy _ # of obstructed points
[0} =

# of total points ®)
where 07 is the level of obstruction from j-th AP in the place.
The level of obstruction is calculated by excluding points
that are too close to the AP. This decision is guided by the
intuition that obstacles near an AP have a relatively smaller
impact on signal propagation. According to typical signal
propagation models, such as the log-distance model [31],
signal strength decreases rapidly over short distances, with
distance being the dominant factor. As the distance increases,
the rate of signal degradation stabilizes, making the signal
more susceptible to interference from obstacles. Consequently,
obstacles located close to the AP contribute less significantly
to signal attenuation compared to those further away.

By focusing on regions farther from the AP, where obstacles
have a more pronounced effect on signal strength, we obtain
an obstacle ratio that more accurately captures the true impact
of the environment on signal propagation. For instance, in the
obstacle map shown in Fig. 2, the ratio is calculated using only
points outside a defined radius, ensuring a realistic reflection
of how obstructions affect the signal. Thus, the adaptation
DNN is trained using the dataset as follows:

Mflj) — {(dgj)7o(j)7§§j))7.. (d9) o) sG) N (6)

Ndata’ Ndata

After training, during the inference phase the adaptation
DNN uses the distance from the AP, d , and the level of
obstruction, 0/), to generate the adaptatzon map. This process
is repeated across all areas to adjust the universal map, refining
signal predictions based on environmental obstructions.

3) Merging for Merged Map Generation: By combining
the universal map and the adaptation map for a given target
environment, we generate an AP-specific merged map:

M2 ger = {(C1 87 +817). - (Copg 80, +09),0)
(N
where the predicted signal values from the universal map are

s(] ), and the adjustments from the adaptation map are 51@ ),

C. Integration for Whole Fingerprint Map Construction

During the offline phase, CollageMap generates a fingerprint
map from scratch for localization, using AP locations and
obstruction levels, eliminating the need for a site survey.

To create a complete fingerprint map, we combine the
merged map of each AP into a single map with signal
measurement vectors for all APs:

) (Cndata ’ Sndata)}’

SE”AP)

Mt(arget = {(01751) (CQv‘SA’?)v c

®)

where §; = {3/ + 51 5@ 4 50 + o)y,

The fingerprint for each coordmate is ﬁnally generated as a
vector of signal measures.

Without collecting any on-site signal data, the generated

fingerprint map is used for fingerprint-based localization with

existing offline algorithms, such as the NN algorithm, where

Algorithm 1 Obstacle-aware fingerprint map generation for
site-survey-free localization in CollageMap

1: Input: O: skeleton map of the obstacle distribution, AP: the location of
APs, Suset: signal strength vector collected in the target place
2: Output: Clarget: estimated position of the user

// Offline phase to generate the radio map

3: My = universal_map_generation (AP);
4: M 4 = adaptation_map_generation (O, AP);
5: fors!?) € My where j € AP do
6: forpg 7 € M 4 with all data point ¢ in the target place do
ik Mt(tju)*get = M(cjl,'?“get U {( A(]) 5'EJ)}’
8: end for
9: end for B @) ( )
10: Miarget = imegrati(m(Mnget, Moot -+ Mygibt));
/I Online phase to find the user’s position
11: Cta’rget = localization (Mtarget, Suser);
12: Function universal_map(AP)
13: forj € AP do
14: MY = AC-GAN.generate(j);
15: endfor
16: end Function
17: Function adaptation_map(O, AP)
18:  forj € AP do
19: 0l9) = calculate_level _of _obstruction(O, j);
20: M] = DNN.predict(0(9));
21: endfor

22: end Function
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Fig. 3: The heatmaps of collected maximum RSSI for each
differently obstructed place in real-world, where the APs are
marked as a white diamond, and the permanent obstacles and
temporary obstacles are colored in black and gray, respectively.
Furniture is not regarded as obstacles, and the closed doors
denoted as a dotted line are considered obstacles

the position of the user, C}, is estimated by identifying the fin-
gerprint S; that best matches the user’s signal measurements.

The overall algorithm of CollageMap for fingerprint map
generation is summarized in Algorithm 1.

V. EVALUATION

We validated CollageMap in three different datasets from 10
in-building rooms with different wireless interfaces of Wi-Fi,
Zigbee, and BLE.

Model Configurations. We used TensorFlow 2.3.0 and
Python 3.8 to implement CollageMap with two learning mod-
els. For universal map generation, we employed an AC-GAN
model with a discriminator and generator, each featuring a
hidden layer of 128 neurons and ReLU activation. Random
noise z, sampled from a uniform distribution in the range of
0.0 to 1.0 with a dimension of 100, was used. RMSProp was
the optimizer, set with a learning rate of 0.001 for 500 epochs.
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For adaptation map generation, we utilized a DNN model
with three hidden layers (128, 64, and 32 neurons) and ReL.U
activation. We applied the Adam optimizer with a learning rate
of 0.001 and a batch size of 32 for 500 epochs.

The universal map generation model used mean squared
error (MSE) as its loss function, while the adaptation map
generation model also employed MSE. To prevent overfitting,
we implemented early stopping for the DNN with a patience
of 50 epochs. All models were trained and tested on an Intel
17-10700F CPU running at 2.90 GHz. Training the AC-GAN
required 2 minutes and 44.38 seconds, while training the DNN
took 4 minutes and 15.82 seconds. A map for a single AP
covering an area of 6.3 x 10.8m? with 756 grid points could
be generated in 0.43 seconds.

Datasets. We evaluated CollageMap using three datasets
across diverse environments and wireless technologies.

(i) Our Wi-Fi RSSI dataset consisting of four places:
Our testbed environment included homogeneous Wi-Fi APs
of EFM-Networks ipTIME N104Q-i with a single antenna of
150mbps on the 2.4 GHz band. We used an LG G Pad 3 10.1
Android tablet to measure the RSSI. We used a grid size of
0.3m, as shown in Fig. 3. It was collected in four different
indoor environments, varying the obstacle density: 1) Free
Space environment had minimal obstructions, with an average
obstacle ratio of 0.051, and 831 data points were gathered
over an area of 8.1 x 8.7m?; 2) Low-Obs. environment, with
an average obstacle ratio of 0.159, comprised 764 data points
across 6.6 x 9.9m?; 3) Medium-Obs. environment, where
the obstacle ratio increased to 0.183, with 1,067 data points
over 9.9 x 9.9m?; and 4) High-Obs. is the most obstructed
environment with an average obstacle ratio of 0.232 and 756
data points collected over an area of 6.3 x 10.8m?2.

(i) Public Wi-Fi, Zigbee, and BLE dataset [32] con-
sisting of three places: We used this dataset to evaluate the
adaptability of CollageMap to different wireless technologies,
including Wi-Fi, BLE, and ZigBee. This dataset covered three
environments (Places A, B, and C), where RSSI measurements
from APs were recorded along with corresponding locations.

(iii) Public CSI dataset [33] consisting of three places:
This dataset, collected in three indoor spaces (Mini Lab,
Meeting Room, and Lab), provided CSI measurements from
three antennas across 30 subcarriers for each AP, offering a
more detailed signal profile.

Baselines. To benchmark the performance of CollageMap,
we compared it against several baseline algorithms, spanning

threshold distances

both traditional and machine learning-based approaches: 1)
Log-Distance Model; and 2) ITU Propagation Model. Both
models require manual parameter tuning based on the target
environment. These traditional models can generate generic
radio maps, but typically struggle in environments with high
obstruction due to their reliance on pre-configured parameters.
On the machine learning side, we evaluated CollageMap
against 3) SelectiveGAN: to augment fingerprint data using
a GAN to reduce the total amount of offline data collection
needed. Furthermore, we implemented several online phase
algorithms such as 4) ROCRSSI: to use minimal ground-truth
fingerprint data for localization without constructing full map;
5) RADAR: to use a nearest-neighbor-based method for local-
ization; 6) WiDeep: to denoise user RSSI measurements using
pre-trained autoencoders for better accuracy; and 7) wkNN: to
use a weighted k-nearest neighbor algorithm. Among these,
CollageMap showed its availability, particularly in environ-
ments with more obstruction, due to obstacle-awareness.

A. Observations from Real-world Datasets

We first evaluated the impact of obstacles on fingerprinting
by assessing the RSSI error of the universal map compared
to the ground-truth map for each AP at three differently
obstructed places. We used the mean absolute error (MAE) as
the performance metric of RSSI errors, mainly caused by the
surroundings of APs. As shown in Fig. 4, the presence of more
obstacles leads to greater difficulty in accurately generating a
radio map. This inaccuracy in the radio map impedes precise
localization, making it necessary to adapt the universal map,
especially in areas with significant obstructions.

Impact of obstruction on RSSI. Taking a closer look at
the actual RSSI error for each AP in a High-Obs. environment
(see Fig. 5), the gap between predicted and ground-truth RSSI
varies based on both the predicted point and the position of
AP. As shown in Fig. 5(a), AP #4, deployed inside a room
with door closed, requires more aggressive adaptation of the
universal map. In contrast, AP #8, located in a relatively
open space, requires fewer adjustments, as shown in Fig. 5(b).
The RSSI error distribution suggests that APs encountering
higher levels of obstacles are more prone to error, even within
the same area, underscoring the need for individual AP-level
adaptation.

Impact of RSSI error on localization. We also explored
RSSI and localization errors by varying the measurement area
to assess the impact of obstructions. Near the AP, RSSI values
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maps in (d)-(f) onto the collection universal maps in (b)

are inherently strong and distinguishable; however, obstacles
tend to influence signal strength at greater distances. For
example, in High-Obs., a 5d Bm RSSI error at 1m from the AP
might result in a sub-0.5m localization error, while the same
RSSI error at a 5m distance could yield over a 1m localization
error. We investigated the obstruction levels beyond the circled
region using various radius threshold values (see Fig. 6). A
threshold of 3.0m proved effective in mitigating both RSSI
and localization errors, as RSSI values tend to remain strong
within a 3m radius of the AP. Subsequently, we applied a
3.0m radius threshold to the outer AP in the experiments.

B. Effect of Fine-Tuning

We primarily used data from the Free Space environment
to train a universal map generation model. Simultaneously,
we used data from two different obstructed locations, distinct
from the target environment, to form the training set for
the adaptation map generation model. Notably, at least two
distinct locations are essential for training both the universal
and adaptation models. All APs were used for training, but to
ensure realism, we used only a subset of APs for localization
in the target environment. In the Free Space, Low-Obs., and
High-Obs. environments, three APs were employed, propor-
tionate to the Rol size, while Medium-Obs. used five APs.
During the online phase, we employed the weighted k-nearest
neighbor (WkNN) algorithm [34] unless otherwise stated. The
evaluation involved five trials conducted over a 0.3m grid, cho-
sen for simplicity and faster inference, though finer granularity
could offer improved performance. The results were averaged
across all possible combinations of deployable access points
to minimize the bias in AP distribution.

Effect of adaptation map on RSSI error correction. In
Fig. 7, we display several maps: the universal map (Fig. 7(b)),
adaptation maps for individual APs (Figs. 7(d), 7(e), and 7(f)),
and the consolidated CollageMap (Fig. 7(c)), alongside the
ground-truth map (Fig. 7(a)). Notably, the adaptation maps
are tailored to each AP’s characteristics. By applying these
adaptations to the universal map, we generate the CollageMap.
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— CollageMap
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Fig. 8: Wasserstein distance between CollageMap and the
ground-truth map
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Fig. 9: Heatmaps and cumulative distribution of the localiza-
tion error using AP set of #1, #4, and #6 in High-Obs.

Evidently, the universal map shows a tendency toward over-
prediction, but our point-wise adaptation effectively mitigates
the discrepancy with the ground-truth map.

To measure how adaptation maps reduce the discrepancy,
we computed the Wasserstein distance [35] between AP-wise
maps with and without adaptation compared to the ground-
truth. As shown in Fig. 8, the adaptation map significantly re-
duces the Wasserstein distance in most scenarios. In particular,
in high-obstruction scenarios, our adaptation map minimizes
the error effectively.

Localization performance of the Fine-tuned map. We
analyzed how RSSI error correction improves localization
performance, as shown in Fig. 9. The heatmaps, displayed in
Figs. 9(a), 9(b), and 9(c), respectively represent the localiza-
tion error of ground-truth map, the stacked universal maps, and
the merged map. These show that the final merged map closely
aligns with the ground-truth map. In Fig. 9(d), we present both
the average localization error and the error distribution. On
average, our CollageMap reduced the performance gap with
the ground-truth by 9.53%. Furthermore, there was a notable
increase in the proportion of points with errors below 4m.
Although it remains challenging to completely address the
long-tail problem, the adaptation map mitigated it.

C. Performance Analysis and Ablation Study

We present a comprehensive evaluation of CollageMap
through a series of experiments examining various components
of the system.
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Adaptation Granularity Comparison. In this experiment,
we explore the optimal granularity for adaptation in Col-
lageMap by comparing two approaches: using only distance
information and incorporating place-wise obstacle information
to learn adaptation required to compensate for errors in the uni-
versal map. The first approach (“w/o Obs. Ratio” in Fig. 10)
uses only distance information, while the second (“Obs. Ratio
per Place”) includes obstacle information at the place level,
where APs in the same area share an obstruction level, o.

To evaluate the effectiveness of adaptation maps, we
grouped data points into seven categories based on the RSSI
error of the universal map relative to the ground-truth in
Medium-Obs. and High-Obs. environments. As shown in
Fig. 10, AP-wise adaptation maps, which utilize obstacle
information and differ for each AP, outperform the other two
in both RSSI prediction and localization accuracy. Further-
more, the performance gap widens in cases requiring more
adaptation, indicating that per-AP adaptation effectively iden-
tifies and corrects the primary cause of error. These findings
suggest that finer-grained, per-AP adaptation is more effective,
especially in environments with unevenly distributed obstacles.

Comparison with Traditional Propagation Models.
This experiment compares CollageMap with traditional non-
machine learning radio propagation models, such as the log-
distance [36] and ITU [37] models in High-Obs. environment.
These models require manual inspection of the target site to
set their parameters. As shown by the cyan-colored lines in
Fig. 11, the choice of parameters significantly impacts the
localization performance using generated map, placing a heavy
burden on selecting the ‘right’ parameters—often unrealistic
without on-site RSSI data for verification. When using these
models as the universal map, training an adaptation map gen-
eration model can mitigate the difficulty of parameter selection

by learning to compensate for errors caused by incorrect
parameter choices, as indicated by the stable magenta-colored
line in Fig. 11. The best performance, however, is observed
with the final merged map itself, depicted by the red line in
Fig. 11. This highlights ability of CollageMap to generate
a map that fits the target environment without the need for
human inspection.

Comparison with Alternative Mapping Approaches. We
compared CollageMap with other mapping methods, includ-
ing the ITU model, ROCRSSI [38], which uses a minimal
amount of ground-truth fingerprints instead of a full map,
and SelectiveGAN [4], which augments fingerprints using a
GAN. As shown in Fig. 12, CollageMap outperformed all
these approaches on average, particularly in the High-Obs.
environment. Notably, ROCRSSI and SelectiveGAN rely on
a certain amount of on-site radio signal data, whereas Col-
lageMap achieves its performance by learning general features
of fingerprint maps from other environments and then applying
them. This ability to generalize and adapt without requiring
specific on-site radio signal data is remarkable.

Comparison of Algorithms for Online Phase. In this
experiment, we evaluated CollageMap with various local-
ization algorithms during the online phase: RADAR [39],
WiDeep [40], and wkNN [34]. As shown in Fig. 13, RADAR
underperformed compared to the others. This is because it
identifies only the single closest matching point from the gen-
erated radio map, which works best when the measured RSSI
and the recorded values are assumed to be identical at the same
location. In contrast, WiDeep uses pre-trained autoencoder
models to denoise the received user RSSI, attempting to find
the most similar point on the radio map in the absence of
noise. This approach outperformed RADAR. Since the average
localization error introduced by the online algorithm is less
than a meter, CollageMap can achieve precise localization
when combined with various online phase algorithms. The
choice of an online phase algorithm can further be tailored
based on additional factors, such as computational cost and
environmental dynamics.

Impact of Varying AP Density. This experiment assesses
the scalability of CollageMap by testing localization perfor-
mance with varing numbers of deployed APs in the High-
Obs. environment. We varied the number of APs from 1 to
5, calculating the average localization error for all possible
combinations of AP distribution sets. As shown in Fig. 14,
CollageMap consistently demonstrated low localization errors,
even with fewer deployed APs, maintaining close proximity
to the performance achieved using ground-truth data. This
highlights the algorithm’s scalability and robustness across
different AP densities.

D. Various Wireless Radios and Signal Measures

To demonstrate the effectiveness of CollageMap across var-
ious wireless radios and signal measurements, we conducted
tests using publicly available data.

Various Wireless Radio. We examine how generalizable
CollageMap is according to various wireless radios such as
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Fig. 15: Floor plans of three different places, with lines indicat-
ing the layout of obstacles, AP locations denoted as diamonds,
and the placement of evenly and randomly distributed points
represented by blue and red dots, respectively.

TABLE I: Localization errors for different radio

Fingerprint Map BLE ZigBee Wi-Fi
Ground-Truth 1.69 m 2.18 m 233 m
CollageMap (w/o Adaptation map) 2.18 m 3.12m 336 m
CollageMap (w/ Adaptation map) 1.81 m 2.56 m 234 m
Performance Impact (- 037m) (- 0.56m) (- 1.02m)

Bluetooth Low Energy (BLE), ZigBee, and Wi-Fi. As illus-
trated in Fig. 15, we evaluated on three places, from a public
dataset of RSSI measurements [32]. We trained our model us-
ing the total dataset of both evenly- and randomly-distributed
data. Fingerprints were generated for the evenly-distributed
points, and performance evaluation was conducted using the
randomly-distributed points. To implement CollageMap for
testing in a target environment, we used two other locations for
training: one for the universal map generative model and the
other for the adaptation map generative model. We assessed
performance using all possible combinations of these three
locations and calculated the average localization error.

As shown in Table I, our fine-tuned CollageMap consis-
tently achieved localization accuracy close to that of ground-
truth maps, with error margins of only 0.01m, 0.38m, and
0.12m for Wi-Fi, ZigBee, and BLE, respectively. Notably,
CollageMap further reduced localization errors by 0.37m,
0.56m, and 1.02m, respectively, demonstrating its effective
compensation through the adaptation map. This result high-
lights CollageMap’s adaptability to different radio systems.

CSI Dataset. CollageMap can also be applied to generate
fingerprint maps using CSI, which has recently been used to
achieve better localization accuracy [41]. To verify this, we
used a public CSI dataset [33] collected in three different
rooms, as illustrated in Fig. 16. For this experiment, we used
the data collected in the Mini Lab to train the universal map
generation model, while data from the Meeting Room was used
to train the adaptation map generative model. The training data

the High-Obs. environment

00 2 4 6 8 10

(a) Mini Lab (¢) Lab
Fig. 16: Floor plans of three rooms where CSI data were
collected. The black lines indicate hard walls, the black
squares represent pillars, the blue points show reference points,
and the white diamonds mark AP locations.
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in the Lab, where the thick red line represents the results using

CollageMap, while the thin lines indicate various localization

methods that use the on-site collected ground-truth map.

was arranged based on the number of pillars, which served
as obstructions in each location. Finally, we generated the
CSI fingerprint map for the Lab and used the data collected
there as input from the user during the online phase. The
main difference between the RSSI and CSI data is that the
CSI data contains signal measurements from three antennas
with 30 sub-carriers each. Therefore, the original framework
was modified to accommodate the corresponding input and
output sizes, while other settings remained unchanged. Fig. 17
illustrates the performance of CollageMap (thick red line) in
comparison with the results of online algorithms, including
the broad learning system (BLS and BLSFL) [33], RADAR
[39], and Horus [42], where all other algorithms have used
the ground-truth map. Our result with CollageMap and wkNN
performs similarly to those using the ground-truth map. This
demonstrates that CollageMap can effectively generate CSI
fingerprint maps with high generalizability.



E. Discussion and Limitation

In Sec. V-A, we verified the generation of an obstacle-aware
adaptation map using the proposed obstruction level o, demon-
strating its effectiveness in producing precise fingerprint maps
and enabling accurate localization, as shown in Sec. V-B. Ad-
ditionally, CollageMap outperformed existing baselines across
various settings (Sec. V-C) and proved applicable to multiple
signal measurement types (Sec. V-D).

CollageMap, which utilizes two deep learning models to
generate signal maps, offers distinct advantages over both
traditional methods and recent alternatives. Unlike traditional
approaches that require parameter tuning for each specific
location, our method simplifies map generation by training a
model capable of accounting for varying levels of obstructions.
This eliminates the need for manual adjustments and improves
the overall efficiency of the process. Additionally, compared
to GAN-based map generation methods, our adaptation model
streamlines the process by allowing the generated maps to
be adjusted dynamically for different environments, thereby
removing the need for engineers to train separate models for
each target location. Furthermore, the demonstrated compati-
bility of our approach with existing on-line phase algorithms
underscores its practical applicability and robustness.

The limited dataset used in this study leaves opportunities
for CollageMap to be tested in additional environments, such
as those featuring different signal frequencies (e.g., SGHz Wi-
Fi) or larger, multi-floor spaces with more complex struc-
tures. While CollageMap prioritizes simplicity and integrates
obstacle awareness to enhance accuracy, future work could
explore incorporating additional factors to create even more
precise maps. Examples include detailed information about
obstructions, such as the presence of furniture, the texture of
obstacles, dependencies between APs or devise heterogeneity.
Investigating methods to effectively incorporate such data into
the model represents an intriguing direction for future research.

Future work could also explore extending the capabilities of
CollageMap to generate 3D maps or maps for outdoor environ-
ments, which would offer additional utility. For 3D mapping,
incorporating detailed locations of APs and data points could
enhance localization accuracy and enable integrated mapping
for multi-story buildings. For outdoor environments, while
GNSS generally provides reliable localization, there are sit-
uations where their performance is suboptimal — for instance,
in urban areas densely packed with tall buildings that obstruct
satellite signals or in regions covered by sunshades. In such
scenarios, a pervasive fingerprint-based localization system
could serve as an effective alternative. CollageMap has the
potential to address these challenges if adapted to account for
additional environmental factors such as weather conditions.

To relax the assumption that building structure information
is required, various indoor mapping methods can be utilized.
A straight-forward approach is to reference emergency evac-
vation plans, which are commonly posted on each floor in
many buildings and provide realistic and simplified structural
layouts. In cases where such plans are unavailable, alternative

low-cost indoor mapping methods can be employed. Examples
include the use of kinetic sensors and ZED stereo cameras
[43], or even advanced techniques like mmWave radar [44],
which has shown a promise in extreme conditions such as
smoky environments.

Although CollageMap still has room for improvement, its
contribution is significant in that it enables indoor localization
without the need for extensive signal strength dataset collec-
tion and shows that the quality of the generated maps can be
enhanced by referencing meta-information of target place such
as floor plans. In addition to its strength in enabling instant
localization even in large-scale environments, CollageMap
has a potential to evolve into a crowd-aware or obstacle-
material-aware map generator by learning how various factors
contribute to map errors, positioning it as a promising pillar
for more accurate and pervasive localization.

VI. CONCLUSION

We introduced CollageMap, a novel framework for con-
structing obstacle-aware radio maps enabling fingerprint-based
indoor localization without on-site signal data collection. Our
method employs two complementary learning models, AC-
GAN and DNN, to generate two types of maps: a universal
map that captures general signal propagation patterns and an
adaptation map that accounts for signal variations due to
obstructions. This dual-model method bridges the gap between
the generic universal map and the real-world radio map.

CollageMap focuses on constructing radio maps in ob-
structed environments by incorporating the impact of obstacles
on signal strength, factoring them as AP-wise. By applying the
adaptation map to the universal map, our framework improves
localization accuracy by up to 16.03% in highly obstructed
settings. Furthermore, CollageMap enables site-survey-free
localization with only a 14.6% average performance gap
compared to manually collected ground-truth fingerprint maps.
Importantly, it is radio-agnostic, capable of generating finger-
print maps for various technologies such as BLE, Zigbee, and
Wi-Fi, and works with any signal metrics, verified with RSSI
and CSIL.
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