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Abstract

Underground cellulars are arguably the most sophisticated
public network utilities in modern metropolises due to con-
strained environments and mobility-driven use cases. To
date, their QoS has been largely unsatisfactory to users, espe-
cially on subway trains where video apps encounter frequent
and lasting video stream stalls (VSSes). With the goal of
deeply understanding and practically boosting underground
cellular QoS, we conduct the first large-scale study of un-
derground cellular networks, spanning 207 subway lines,
82K BSes, and 1.8M Android phones. Our study reveals the
unique multi-stage signal attenuation pattern and the defec-
tive infrastructure deployment in today’s subway cellular
environments, which collectively contribute as the major
causes of VSSes. To address this, we enable user devices to
actively adapt to the environmental changes, and develop a
comprehensive radio/link state collection module to effec-
tively inform video apps. Our optimizations on device-side
Android cellular management have reduced 39% VSSes in
subway networks; our collaborative optimizations with pop-
ular video apps have further reduced 23% VSSes.
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Figure 1: Architectural overview of a typical subway
cellular network. Only downlink paths are plotted.
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1 Introduction

Cellular networks are indispensable public infrastructures
for communication and collaboration in modern society.
While their regular deployments are proven to be robust
and of high performance [46], they face unique challenges
in underground deployments. Unlike overground deploy-
ments where base stations (BSes) can be strategically placed
based on population density (e.g., in common residences)
or along highways/railways, underground deployments are
much more constrained and expensive. For example, deploy-
ing BSes and fiber-optic interconnect cables in underground
stations and tunnels incurs more than 10X higher costs per
coverage area, because space constraints force ISPs to adopt
small-footprint indoor BSes (which are 5-10x cheaper per
unit than regular macro BSes, but require 50-100x denser
deployment due to their limited radio coverage [10]).

To balance deployment cost and signal coverage, ISPs
usually employ a hybrid solution. In the representative case
of subway networks as illustrated in Figure 1, indoor BSes
and slotted leaky feeder cables (leaky cables for short) are
used in combination. ISPs deploy indoor BSes sparsely within
tunnels and connect them with leaky cables along tunnels.
These cables radiate and aggregate signals through the slots
to serve nearby user devices. Due to the substantially lower
per-meter cost of leaky cables, this solution delivers cost-
efficient cellular infrastructures in today’s metropolises.

Motivation. Although underground cellulars have become
everyday network utilities, they can hardly meet the Quality


https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3795866.3796696
https://doi.org/10.1145/3795866.3796696

MobiCom ’26, October 26-30, 2026, Austin, TX, USA

of Service (QoS) requirements of modern mobile applica-
tions such as live news, entertainment, and video confer-
encing. According to our user survey, subway passengers’
complaints are mostly (90%) around severe playback stalls of
video streaming apps (both on-demand and live streaming).

Unfortunately, prior work on high-mobility networks, es-
pecially highway and high-speed railway (HSR) cellular net-
works [25, 35, 43, 48], can hardly apply to subway networks
for at least three main reasons: (1) subway networks make
use of indoor BSes rather than regular high-power BSes with
broad area coverage; (2) leaky cables have a distinct impact
on signal transmission; and (3) underground subway envi-
ronments incur stronger and irregular ambient interference.

Measurement. To deeply and comprehensively understand
the underground cellular QoS, we conduct the first large-
scale study of subway cellular networks by collaborating
with a major Android phone vendor (i.e., Xiaomi Co. LTD),
spanning 207 subway lines across two countries (China and
US), 82K BSes, and 1.8M Android phones (whose users took
at least one subway ride), over a whole month (Aug. 2024).
We focus on Video Stream Stalls (VSSes), the most reported
and demanded problem by the surveyed users. We build a
continuous monitoring infrastructure on a customized An-
droid system dubbed SubCell, which collects fine-grained
device/network state information when users engage with
mobile video streaming apps using subway cellular networks.

Our study reveals frequent and lasting VSSes—on average,
each user device accesses subway networks for 6 hours and
encounters as many as 44 VSSes in the measurement month,
where each VSS lasts for as long as 9 seconds. In particular,
we find that the majority (70%) of VSSes are accompanied
by a BS handover. Counter-intuitively, although 5G on aver-
age offers a higher throughput than 4G in overground set-
tings [46], we observe the opposite in underground tunnels
(5G: 1.1 Mbps vs. 4G: 1.4 Mbps). In contrast, 5G users expe-
rience less frequent VSSes, because 5G devices encounter
42.5% fewer low-downlink-throughput (< 0.5 Mbps) events
which are more likely to incur VSSes.

Analysis. To uncover the root causes of these observations,
we delve into the underground signal attenuation and infras-
tructure deployment, which critically shape the cellular QoS
and fundamentally differ from the overground situations.
Unique in-tunnel signal propagation incurs challenging wire-
less conditions. Different from the smooth logarithmic atten-
uation model [38] widely used by major ISPs, we note that
underground signal attenuation is governed by a hybrid
three-stage model as depicted in Figure 1: Q) Transmission
loss along the leaky cable, increasing linearly with the sig-
nal’s travel distance inside the cable (d;); 2) Radiation loss at
the slot where the signal emits into open space, determined
by the slot’s size, spacing, orientation, etc.; 3) Propagation
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loss from the slot to the device, whose complex pattern is
shaped by not only the slot-device distance (d;), but also the
(tunnel + train body) “double-enclosure” structure incurring
enormous signal reflections and multi-path effects!.
MIMO-equipped leaky cables facilitate robustness under

weak signals. For both 4G and 5G leaky cables, fast attenua-

tion and strong interference may lead to lower-order modu-
lation [20] (and thus lower throughputs). Nevertheless, we
identify one of their major differences to be the adoption of
MIMO: in our measurement, 77% of 5G leaky cables support
MIMO, compared to only 7% for 4G. We ascribe this gap
to the cost-effectiveness of MIMO deployment: a single 4G
leaky cable already provides acceptable throughput in most
(84%) cases, while a 5G cable frequently falls back to lower-
order modulation (due to much faster signal attenuation)
and necessitates the enhancement by MIMO. As a result, 5G
maintains a relatively stable throughput under weak signal
conditions compared to 4G, lowering the likelihood of VSSes.
Heterogeneous subway RAN (Radio Access Network) deploy-
ments cause frequent handovers. While 5G BSs are prevalent
on subway platforms, inside subway tunnels 5G leaky cables
register much less deployment than 4G cables (which are
more mature and cost-effective). Such heterogeneity forces
a 5G phone to frequently (every 124 seconds on average)
switch between 4G and 5G modes (manifested as the 4G/5G
ping-pong handover phenomenon [25]) while taking the sub-
way, severely harming the cellular connection stability.

Mitigation. Intoday’s cellular ecosystem, mobility manage-
ment is mostly BS-centered. Based on user-device feedback
and pre-configured thresholds, BSes infer the signal attenu-
ation situation and command the handover process, which
is however neither accurate nor timely for underground cel-
lulars. To address this limitation, in contrast, we adopt a
user-centric mobility management methodology.

First, we enable user devices (by modifying Android’s cel-
lular management module) to effectively characterize the
underground three-stage signal attenuation with the Time-
Inhomogeneous State Space Model (TISSM), which leverages
a time-varying multi-order state space to finely capture the
signal pattern in each stage. Based on TISSM, user devices
can precisely identify the optimal BS handover and 4G/5G
switch timing, and actively trigger the handover. In addition,
since application-layer symptoms usually lag behind under-
lying signal and link dynamics, we develop a comprehensive
radio/link state collection module in SubCell to offer apps
useful low-level information, facilitating them to better pre-
dict VSSes and adjust video streaming strategies accordingly.

Since the release (on 10/20/2024) of the patched SubCell
system with the optimized BS handover mechanism (adopted

Hence, signal attenuation experienced by underground BSes is oftentimes
5-10x higher than that observed in high-speed railway scenarios.
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by 5.2M users as of 11/30/2024), we have reduced 39% VSSes
and 22% per-VSS duration in subway environments (as of
05/31/2025). We also convinced two major mobile video
streaming platforms, Douyin (for on-demand video) and
Youku Live (for live video), to practically use the radio/link
state collection module (involving 2.4M users), achieving
an additional 23% reduction in VSS occurrence and a 25%
reduction in per-VSS duration. The two modules incur little
overhead on an average user device: a total of <1% CPU
utilization, <250 KB memory, and <1.1 MB storage.

We carefully examine the residual VSSes after optimiza-
tion, finding that they mainly stem from BS signal coverage
holes due to terrain limitations, deficient 5G leaky cable de-
ployment, network congestion (esp. during peak hours), and
resource bottlenecks (e.g., CPU/GPU contention) on low-end
devices. Addressing these issues requires ISPs’ providing
more reliable signal coverage (e.g., with signal repeaters),
accelerating underground 5G rollout, and expanding both ter-
minal and core network capacity, as well as phone vendors’
reducing the video decoding and rendering overhead.

Broader Impact. While our work focuses on subway net-
works, many of our findings and approaches can be extended
to other challenging network scenarios (§8). For example,
the TISSM-based signal attenuation characterization and the
device-driven BS handover strategy can potentially apply to
mountainous regions with uneven signal coverage, public
transport hubs with intensive noises, underwater cellular
networks with immense water resistance, and planet-wide
6G that integrates heterogeneous wireless infrastructures.

Contributions. Our contributions are as follows.

e We conduct the first large-scale and in-depth measurement
study on app performance in underground subway cellular
networks, identifying frequent and lasting VSSes as the
key practical challenge that harms the QoS.

e We reveal the unique signal attenuation pattern and the de-
fective infrastructure deployment in today’s underground
cellular environments, which collectively contribute as
the major causes of VSSes.

e Through both system- and app-level enhancements, we
effectively address the VSSes with remarkable real-world
impacts on millions of subway passengers.

Code and Data Release. The VSS diagnosis/mitigation
code and measurement data involved in the study are publicly
available at https://UndergroundCellular.github.io.

Ethical Claim. Our study was reviewed and approved by
Xiaomi’s IRB. There are no ethical concerns in this work.
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2 Study Methodology

Driven by a recent user survey (§2.1) we carried out regard-
ing the QoS of cellular networks in high-mobility scenarios,
we develop SubCell, a customized Android system that sup-
ports lightweight and in-depth information tracing beyond
the capability of the vanilla Android system (§2.2). Based
on SubCell, we conduct a large-scale, month-long measure-
ment study on VSSes in subway networks by continuously
monitoring 1.8M opt-in user devices (§2.3).

2.1 User Survey

According to our interview with Xiaomi that has hundreds of
millions of Android phone users (most of which are located
in China), it has been receiving users’ reports regarding the
poor QoS of cellular networks in high-mobility scenarios, in-
cluding highways, subways, and high-speed railways (HSRs).
In order to figure out which high-mobility scenario presents
the most serious challenges to the QoS in a fair setting, we
carried out a survey via Xiaomi in Jun. 2024 by recruiting
1,000 participants from its users, each of whom regularly
experiences the three scenarios. The participants, aged be-
tween 20—50, were of different genders and occupations, and
resided in various cities across China. Specifically, they were
asked two simple yet critical questions:

o Among the three scenarios, which one brings you the most
unsatisfactory cellular networking experience (given the
same time duration of staying in each scenario)?

o In the chosen scenario, which app leads to the most pain
(given the same usage time) and what is the major pain?

The survey results reveal that 724 participants consider
subway networking to bear the worst QoS, followed by HSR
networking (228) and highway networking (48). Further, 90%
of the 724 participants state that they suffered the most from
online video streaming apps (54% on-demand vs. 36% live),
with video stream stalls (VSSes) being their primary concern.

2.2 Continuous Monitoring Infrastructure

To practically address the users’ pain point on the QoS of
subway networking, our measurement study requires 1) pre-
cise identification of underground subway scenarios, 2) real-
time detection of user-perceived VSSes, and 3) fine-grained,
cross-layer data collection for in-depth analysis. However,
the vanilla Android system lacks native support for these
capabilities. Also, we are unable to capture all the concerned
information by simply developing an Android app, given that
Android’s inherent security restrictions prevent third-party
apps from monitoring the status of other apps.

To overcome these limitations, we implement a customized
Android system, dubbed SubCell, which enables continuous
acquisition of system-level traces whenever users interact
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with any of the top-10 popular video streaming apps (see Ta-
ble 2 in Appendix A) in subway environments. We focus on
the 10 apps whose user base accounts for over 90% of all the
video streaming apps in China. We modify the Framework-
layer programs instead of the hardware abstract layer (HAL)
or the kernel layer ones—modifying the latter ones can help
collect more underlying and detailed data, but can easily
impair the system stability and robustness in practice [17].
SubCell is featured by the following functionalities.

Subway Scenario Identification. We employ a two-stage
sensor-based method to detect when a device boards a sub-
way?. In the first stage, SubCell detects the device’s entering
a subway station by identifying a successive increase in air
pressure with the barometer data, which indicates the action
of descending into an underground environment®. Once the
pressure increase is detected, it further analyzes the pedome-
ter data to inspect whether there are continuous walking
activities both before and after the increase. If the condition
is met, it concludes that the device has entered the station. In
the second stage, we utilize a binary classifier for detecting
train departures, which is based on Multi-Layer Perceptron
(MLP) [34] and trained offline on a manually labeled dataset
of 150K gyroscope and accelerometer time-series samples.

The above method enables SubCell to recognize subway
entry and train departure with a high accuracy in real time.
Specifically, the ML model is evaluated using 5-fold cross-
validation on the 150K-sample dataset. Defining a successful
detection as one falling within +5s of a ground-truth event,
our model achieves >90% precision and >95% recall. We fil-
ter out the false positive/negative cases in an offline manner.
Similarly, SubCell is also capable of detecting train stops and
the device’s leaving a subway station, as well as a train’s tran-
sitioning between underground and overground segments.
We also use GPS readings when train stops to approximate
locations for counting covered subway lines, a task that tol-
erates the limited underground positioning accuracy.

Real-Time VSS Detection. Once a device is determined
to be in a subway environment, SubCell needs to detect and
record VSSes happening to the ten target apps whenever they
are in the foreground. Note that we focus on user-perceived
visual smoothness (rather than solely on complete playback
freezes) and quantify it with the frame rate, a standard metric
reflecting the video playback smoothness.

To understand the general frame rate range of perceptible
VSSes, we conduct a user study involving 50 volunteers of

2Although cellular metadata such as Access Point Name and Cell Identity
are available in our measurement, they do not reveal the precise physical
locations of BSes, and thus cannot be used to identify subway scenarios.
3This pressure pattern is universally observable across various entry sce-
narios (e.g., from underground malls or parking structures), as long as there
is a vertical transition from the surface to the subway depth.
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Table 1: Cross-layer data sources collected by SubCell.

Category ‘ Metrics ‘ Data Source / API

RTT, Packet Loss Rate TcpInfo via Netlink
Network Performance | DNS Success Rate/Latency DnsResolver API
Uplink/Downlink Throughput | TrafficStats API

RAT, RSRP, SNR, Modem Chipset
MCS, MIMO Layers Customized APIs

MCC, MNC, LAC TelephonyManager APIs
CID ServiceState APIs

Radio Condition

BS Connection

different ages (from 20 to 50) and genders. For each of the 10
apps, we first record a 20-second 30-FPS video when the app
performs streaming. Then, we randomly select a one-second
segment from the middle ten seconds of the video and pro-
gressively reduce its frame rate by 5-30 FPS with an interval
of 5 FPS, thus producing 6 videos that contain lower-frame-
rate segments. Afterwards, we ask each volunteer to watch
the 6 videos in a randomized order and provide feedback on
which videos s/he can perceive playback stalls on. The study
results show that while not all the VSSes are perceptible
to all users, the vast majority (83%) of them (whose frame
rates are below 20 FPS) have obvious impacts on almost all
users. Therefore, we set the threshold for determining an
obvious VSS as 20 FPS, and in the remainder of this paper
we concentrate on only these obvious VSSes.

To implement real-time frame rate detection, we make
lightweight modifications to SurfaceFlinger, which is the
graphics layer compositor of Android and produces the visual
frames for display. We add a timer task to SurfaceFlinger,
enabling it to count the number of composed graphics layers
from the foreground app per second (i.e., the app frame rate).
The result is then transmitted to our monitoring service with
Andro’s efficient Binder IPC (Inter-Process Communication)
mechanism [4], realizing real-time frame rate monitoring.

Cross-Layer Data Collection. To investigate the root
causes of VSSes, SubCell monitors system resource con-
sumptions including CPU utilization, memory usage, and
I/O throughput, as well as network states across three di-
mensions: network performance, radio condition, and BS
connection. Table 1 summarizes the detailed metrics and
their corresponding data sources. First, network performance
data include the app-level round-trip time (RTT), packet loss
rate, DNS query success rate, DNS query latency, and up-
link/downlink throughput. Second, radio condition data com-
prise the Radio Access Technology (RAT), Reference Signal
Received Power (RSRP), Signal-to-Noise Ratio (SNR), Modu-
lation and Coding Scheme (MCS), MIMO layers, and Access
Point Name (APN). Third, BS connection data include the
Mobile Country Code (MCC), Mobile Network Code (MNC),
Location Area Code (LAC), and Cell Identity (CID).

SubCell performs such detailed tracing using various An-
droid system APIs. Specifically, we obtain RTT and packet
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loss rate by parsing the TcpInfo structure via Netlink sock-
ets, retrieve DNS-related metrics using the DnsResolver
API, and collect bandwidth metrics via the TrafficStats
APL For radio-layer metrics, SubCell uses customized APIs
provided by the modem chipset manufacturers to access mo-
dem logs in real time and parse them from the logs. Other
information is accessed with APIs provided by the Android
TelephonyManager and ServiceState services.

Overhead. Our modifications to Android introduce trivial
overheads through lightweight frame rate monitoring and
system-level logging, primarily utilizing existing interfaces.
Also, the overheads are incurred only when any of the ten
target apps are active in foreground in subway environments.
Crucially, our monitoring infrastructure remains dormant on
the client side during normal (non-subway) usage, thereby
avoiding additional resource consumptions. Even on low-
end Android devices, the daily resource consumption when
traveling in subways and running a target app is limited to
only <2% CPU utilization, <40 KB of memory, <500 KB of
storage, and <500 KB of data usage per day.

2.3 Large-Scale Deployment

In July 2024, with the help from Xiaomi, we invited 60M
users (through the Android system-level notifications) to
participate in our measurement study of VSSes in subway
environments by installing SubCell as a system update on
their devices. This lightweight update had no impact on
their installed apps, existing data, or OS version. Ultimately,
7.1M users consented to participate, contributing data for a
whole month in August 2024. Among them, 1,818,629 users
(25%) took subway rides during our measurement and used
at least one of the ten target apps while on the subway. In
our subsequent analysis, we focus solely on these users.

Although the vast majority of participants are located in
China, there do exist 21 participants coming from the US,
offering us the opportunity to make a comparative analy-
sis when possible. All collected data were uploaded to our
backend server via WiFi for centralized analysis.

Ethical Concerns. Inthe SubCell’s update UI, we explicitly
informed users about the runtime tracing to be collected. All
participants were free to opt out during the measurement.
No personally identifiable information (e.g., phone number,
IMEI and IMSI) was collected, and we never (and cannot)
link our collected data to users’ true identities.

3 Measurement Results

This section first presents the general statistics of our col-
lected data in §3.1, and then describes our major observa-
tions from five perspectives in §3.2. We will analyze the root
causes of these observations in §4 and §5, in terms of signal
attenuation and infrastructure deployment respectively.
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3.1 General Statistics

With the help from the 1,818,629 Android devices across 10
distinct phone models (see Table 3 in Appendix A), we record
fine-grained, cross-layer traces with regard to 79,401,581
VSSes, involving 207 subway lines in two countries (204
lines in China and 3 lines in the US), four ISPs (three in
China and one in the US), and 82,361 BSes, during August
2024. As far as we know, this is the largest dataset regarding
VSSes in real-world underground cellular networks to date.
In the following sections, we focus on the analysis of the
large-scale dataset collected in China. We will discuss the
generalization of our findings with the US dataset in §8.

We find that each device accesses subway networks for an
average of 6 hours in the month. We then analyze the preva-
lence and frequency of VSSes, defined respectively as the
proportion of devices experiencing at least one VSS and the
average number of VSSes happening to a device. As shown
in Figure 2, VSSes occur prevalently and frequently across all
the 10 phone models. The majority (74%) of devices experi-
ence at least one VSS in the month, and as many as 44 VSSes
occur to a device on average. Furthermore, the most affected
device encounters as many as 958 VSSes during 62 hours of
subway network access. We are also concerned with the du-
ration of VSSes. As shown in Figure 3, the average duration
of a VSS is as long as 9 seconds, thus severely degrading the
user experience. The duration distribution is notably skewed:
while 79.4% VSSes last for less than 10 seconds, the maximum
duration reaches 252 seconds (= 4.2 minutes).

3.2 Impact Factor Analysis

To understand the root causes of the observed VSSes, we
dissect the measurement results from five key dimensions:
temporal patterns, device models, ISP discrepancies, BS con-
nectivity, and radio access technology (RAT) choices.

Temporal Patterns. We observe distinct diurnal patterns
in VSS durations. Long-lasting VSSes occur more frequently
during commute hours (8:00-10:00, 17:00-19:00), when the
high density of passengers results in significant mobile data
usage, constantly pushing the cellular network to its capac-
ity limit. This correlation highlights the impact of network
congestion on VSS duration. Moreover, prolonged VSSes also
occur when subway trains transition between underground
and overground segments—although ISPs have deployed
leaky cables in both areas, terrain changes substantially im-
pair the effectiveness of leaky cables.

Device Models. Regarding the impact of device configura-
tions, Figure 4 reveals that low-end devices (e.g., Model 1) are
notably more VSS-susceptible than high-end devices (e.g.,
Models 5-10). This discrepancy echoes the fact that VSSes
stem from not only network issues, but also client-side pro-
cessing overheads such as decoding, rendering, and display.
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under 4G and 5G connections.

Low-end devices are inherently more prone to VSSes due to
limited computational resources (in terms of CPU, memory,
GPU, etc.). Besides, high-end devices usually have more so-
phisticated antenna optimizations, such as multiple-input
multiple-output (MIMO) antenna systems and enhanced an-
tenna arrays [30, 42], consequently experiencing fewer VSSes
than low-end ones. However, when hardware configurations
are comparable, a higher Android version does not trans-
late to significantly fewer VSSes (e.g., Model 2 vs. Model 3),
as major updates in Android 14 [5] do not include specific
optimizations for underground cellular networking.

ISP Discrepancies. Our study involves three major ISPs
in China (China Telecom, China Unicom, and China Mobile)
and one in the US (T-Mobile). We focus on the three ISPs in
China here and refer them subsequently as ISP-1, ISP-2, and
ISP-3. Both the prevalence and frequency of VSSes are higher
for the users of ISP-2 (88% and 47) than those of ISP-1 (77%
and 40) and ISP-3 (68% and 43). This can be attributed to the
fact that the 4G and 5G frequencies allocated to ISP-2 are the
highest among the three ISPs, and high-frequency signals
are more susceptible to propagation attenuation and interfer-
ence. Furthermore, ISP-2 shares much of its network infras-
tructure with ISP-3, potentially leading to inter-modulation
interference that further degrades ISP-2’s signal quality.

BS Connectivity. We find that the majority (70%) of VSSes
are accompanied by a BS handover, and that 94% of these

and 5G connections.

and 5G connections.

handovers coincide with noticeable signal degradation. Sur-
prisingly, in 86% of such cases, either the source or the target
BS still provides accepted signal quality*. This indicates that
these handovers are triggered at improper timing, either too
early—switching from the source BS with sufficient signal
quality to a weaker target BS, or too late—lingering on the
source BS with degraded signal despite the availability of
better target BSes. These findings suggest a close relation
between suboptimal mobility management and VSSes.

RAT Choices. When in tunnels, user devices are connected
to 4G networks for 74% of the time and to 5G networks for
the remaining 26%. This distribution results from the ISPs’
infrastructure deployment, which will be explained in §5.2.
Counter-intuitively, although 5G generally provides a higher
throughput than 4G in overground environments [46], we
observe the opposite in underground tunnels. As shown in
Figure 5, the average throughput of 5G (1.1 Mbps) is 21.4%
lower than that of 4G (1.4 Mbps). More surprisingly, despite
the lower average throughput, user devices experience less
frequent VSSes under 5G connections. Specifically, they en-
counter an average of 6.4 VSSes per hour on 5G, compared
to 7.6 VSSes per hour on 4G. We reveals that this stems from
the different frequencies of low-downlink-throughput (< 0.5
Mbps) events experienced by devices when under 4G and

4According to the 3GPP standards [1] and our interviews with ISPs, we
regard poor signal quality as RSRP < -100 dBm or SNR < 5 dB.
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5G connections. Such events, which have a high likelihood
(64.7%) of leading to VSSes, occur 42.5% less frequently on
5G. In detail, as illustrated in Figure 5, the probability of
encountering these events is 13.1% under 4G but 7.5% under
5G. We will elaborate on the underlying reasons in §5.1.

4 Characterizing Signal Attenu- ation in
Subway Environments

To understand the root causes of the aforementioned obser-
vations, we first delve into the underground signal attenu-
ation process, which critically shapes the cellular QoS and
fundamentally differs from the overground situation.
Unlike the smooth logarithmic attenuation model [38]
widely used by today’s major ISPs, which generally holds
true in overground environments, our detailed analysis of
the underground signal propagation process (as illustrated
in Figure 1) reveals that the underground attenuation is gov-
erned by a hybrid three-stage model. We dissect the three
stages in §4.1, including transmission loss, radiation loss, and
propagation loss. We then analyze the impact of this model
on the final signal quality received by user devices in §4.2.

4.1 Hybrid Three-Stage Model

To characterize the underground signal attenuation, we break
down the end-to-end signal propagation path into three com-
ponents and leverage a hybrid three-stage model that cap-
tures the distinct attenuation behavior of each component.
We detail these three loss components as follows.

Transmission Loss. The transmission loss (Loss;,) refers
to the signal attenuation incurred during its propagation
through the leaky cable, increasing linearly with the signal’s
travel distance inside the cable (d;,) and can be modeled as

Lossyr = oy X dyy, (1)
where «;, is the attenuation coefficient. The value of «;, de-
pends on both the signal frequency and the cable’s physical
design. Specifically, for a given cable, higher-frequency sig-
nals exhibit larger o;, and thus increased transmission loss.
Moreover, leaky cables that support higher-frequency trans-
mission tend to adopt more confined structures and denser
dielectric materials, which amplify both skin effect [18] and
dielectric loss [36], ultimately leading to a higher a;,.

Radiation Loss. The radiation loss (Loss,,) denotes the loss
at the slot where the signal emits from the leaky cable to the
open space. Loss is primarily determined by the slot design
parameters, including the slot size, spacing, orientation, etc..
For a given leaky cable and carrier frequency, Loss,, remains
nearly constant at each slot.

Propagation Loss. The propagation loss (Loss,) refers
to the signal attenuation that occurs during its propagation
from the slot to the device, comprising multiple components.
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The fundamental component is the free-space loss (Loss[j:rree),
which denotes the attenuation experienced by the signal in

unobstructed conditions. Its standard expression [38] is:

ree 4
Loss)l* = 201g(dy,) +201g(f) +201g (7) . ©

where dp,, is the distance between the slot and the device, f
is the signal frequency, and c is the speed of light in vacuum.
This logarithmic attenuation model is widely adopted by
ISPs and forms the basis of their planning and strategies.
Beyond this, the unique “double-enclosure” structure (the
tunnel and the train body) introduces enormous signal reflec-
tions and diffraction, thereby leading to severe multi-path
fading (Amp) [29]. As a result, devices experience significant
fluctuations in received signal strength, oftentimes show-
ing 5—10 X higher attenuation than that observed in high-
speed railway scenarios. Furthermore, signals also undergo
frequent penetration impairment (Apen) when intervening
obstacles such as the train body, seats, and human bodies.
Accordingly, we model the total propagation loss as

Losspr = Lossfree

o+ Amp + Apen. (3)

4.2 Device-Side Signal Quality

Based on the above three-stage model, which quantifies the
attenuation along a single propagation path through one
slot, we now analyze the actual signal strength received by
user devices. In practice, a device receives signal from multi-
ple slots along the leaky cable. The received signal strength
RSRP(t) can therefore be viewed as the aggregated contri-
bution from all currently serving slots, minus additional
attenuation caused by inter-slot interactions (which are not
included in the three-stage model capturing the per-slot loss).

As the train moves forward, the set of serving slots gradu-
ally shifts along the cable. Importantly, while individual slots
are replaced over time, the relative geometric configuration
between the device and its serving slots remains approxi-
mately stable within the coverage region. As a result, the
radiation loss and free-space propagation loss contributions
from different slots largely offset each other across adjacent
time instances. Consequently, the dominant factor driving
ARSRP(&;) is the increase in the signal’s transmission dis-
tance inside the leaky cable. Assuming the train moves at
speed v and there are N(t) serving slots, the variation in
RSRP can be approximated as:

ARSRP(&t) =~ N(t) Oty -0 - 5[ + Anoise’ (4)

where Apgise captures fluctuations caused by multi-path fad-
ing, penetration impairment, and inter-slot interactions.
This formulation reveals that RSRP generally exhibits a
linear decline over time while the device remains within the
cable’s coverage region. Regarding the noise term Apojse, OUr
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measurement data reveals that it poses fluctuations on the
RSRP value as well as the slope of the linear trend.

When the device approaches the edge of the leaky ca-
ble coverage, the number of serving slots decreases (i.e.,
N(t + 6;) < N(t)). This reduction accelerates the decline
in received signal strength, causing the slope of the afore-
mentioned linear trend to increase in magnitude. The noise
termalso contributes fluctuations to this acceleration.

In summary, our analysis reveals that underground signal
attenuation follows a highly dynamic model (i.e., a linear
trend with an accelerating slope and volatile fluctuations),
deviating significantly from the smooth logarithmic model
assumed by ISPs’. This unique complexity also distinguishes
subway networks from HSR scenarios (where device-side
signal quality is primarily affected by Doppler shifts). Conse-
quently, existing solutions, whether designed for overground
or HSR contexts, fail to capture the irregular and rapid sig-
nal fluctuations inherent to the “double-enclosure” subway
environment, highlighting the necessity for a fine-grained,
real-time signal modeling approach.

5 Analyzing the Impact of Infrastructure
Deployment

In this section, we analyze how underground infrastructure
decisions shape cellular performance. We first examine the
physical-layer factors that contribute to the QoS gap be-
tween 4G and 5G in tunnels (that 5G delivers lower average
throughput yet fewer severe low-throughput events) (§5.1).
We then connect these properties to deployment decisions
on underground platforms and in tunnels, and show how
the 4G/5G heterogeneity drives frequent (and sometimes
ill-timed) inter-RAT ping-pong handovers that degrade con-
nection stability (§5.2).

5.1 Physical-Layer Factors Contributing to
the 4G/5G Performance Gap

As discussed in §3.2, in underground tunnels, 5G on aver-
age offers a lower throughput than 4G, yet devices under
5G connections encounter fewer low-downlink-throughput
events. To demystify this counter-intuitive observation, we
dive into lower-layer physical parameters, including signal
quality, modulation and coding schemes (MCS), and MIMO
layers, and analyze their impact on throughput.

Signal Quality. As shown in Figure 6 and Figure 7, 5G ex-
hibits significantly poorer signal quality than 4G. Its average
RSRP is 3.6% lower than that of 4G, and more notably, the

SThe logarithmic model yields the following RSRP variation:

, In(10) o-6;
ARSRP’ (6;) = . R
(3) 20 dy(t)

®)

where dj, () denotes the distance between the device and the BS at time .
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Figure 8: MCS utilization percentages and MIMO layers
for 4G and 5G leaky cables.

average SNR is 57.1% lower. This is due to 5G’s faster signal
attenuation and weaker anti-interference capability. Within
the underground “double-enclosure” structure described in
Section 4.1, 5G faces more severe multi-path fading yet ex-
hibits lower resilience, substantially reducing the SNR.

Modulation and Coding Scheme. The modulation and
coding scheme (MCS) is typically selected based on the
device-side channel quality indicator (CQI), which is de-
termined by metrics such as RSRP and SNR. For both 4G
and 5G leaky cables, fast attenuation and strong interfer-
ence may lead to lower-order modulation, which sacrifices
throughput for transmission robustness. However, due to
the significantly poorer signal quality observed on 5G, a 5G
leaky cable frequently falls back to lower-order modulation,
while a 4G cable is able to sustain higher-order modulation
in most cases. In our measurements, both 4G and 5G cables
support up to 64 QAM. As shown in Figure 8(a), 5G uses only
16 QAM in 79.0% of the cases, and even falls back to QPSK in
10.5% of the cases. In contrast, 4G maintains 64 QAM in the
majority of cases (88.0%). This explains the lower average
throughput observed under 5G connections.

MIMO layers. We observe a distinct disparity in MIMO
adoption between 4G and 5G leaky cable deployments. As
shown in Figure 8(b), 77% of 5G leaky cables support MIMO,
compared to only 7% for 4G. This gap stems from the cost-
effectiveness of leaky cable—based MIMO deployment: unlike
the overground deployment where MIMO can be enabled by
adding antennas, equipping leaky cables with MIMO requires
deploying additional leaky cables, considerably increasing
the deployment cost. For instance, 2 X 2 MIMO can nearly
double the cost. Meanwhile, a 4G single leaky cable gen-
erally delivers acceptable throughput in most cases (84%),
whereas a 5G cable’s frequent utilization of lower-order mod-
ulation makes the single-cable throughput insufficient and
thus necessitates the enhancement by MIMO. As a result, 5G
maintains relatively stable throughput under weak signal
conditions, lowering the likelihood of VSSes.
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5.2 4G/5G Ping-Pong Handover

Regarding the RAN (Radio Access Network) deployments, we
observe that influenced by the aforementioned factors, sub-
way deployments differ significantly from their overground
counterparts [46]. Specifically, although 5G BSes are installed
on most subway platforms, only ~25% of subway tunnels
are equipped with 5G leaky cables. This is largely because
4G cables are more mature and cost-effective. As previously
discussed, 5G cables rely heavily on MIMO while equipping
leaky cables with MIMO incurs high costs. Moreover, many
subway lines were constructed before 5G emerged, making
retrofitting tunnels for 5G coverage both financially and
technically challenging.

The unique heterogeneous 4G/5G deployment in subway
cellular networks forces a 5G device to frequently (every
124 seconds on average) switch between 4G and 5G modes
(manifested as the 4G/5G ping-pong handover phenome-
non) while taking the subway. Worse yet, ISPs’ mobility
management based on the smooth logarithmic attenuation
model often triggers inter-RAT handovers (i.e., 5G—4G or
4G—5G) either too early or too late in underground settings.
Consequently, these frequent and poorly timed ping-pong
handovers severely compromise cellular connection stability.

In particular, we observe that 59.5% of 5G—4G handovers,
which typically occur when devices transition from plat-
forms into tunnels, suffer from low RSRP at the source BS.
This is because platform 5G BSes are optimized for open ar-
eas and are poorly suited to signal transmission in enclosed
tunnels. This infrastructure limitation results in very high
signal attenuation rates as devices enter tunnels. This causes
the handover timing, inferred based on ISPs’ assumptions of
gradual and slow overground attenuation, to be too late.

For 4G—5G handovers, the target BS manifests a low SNR
(despite a normal RSRP) in 41.9% cases, primarily due to
ISPs’ preference for 5G networks. To prioritize 5G connec-
tivity, ISPs often configure user devices—via the currently
connected 4G BS—to switch to a nearby 5G BS as long as its
RSRP exceeds a relatively low RSRP threshold, even if the
4G signal remains strong. While this approach works well
for reliable cellular connectivity in overground settings, it is
unfit for underground 4G—5G handovers, which typically
occur near tunnel exits with severe ambient interference.
Thus, devices frequently undergo premature 4G—5G han-
dovers, where the platform 5G BS’s RSRP seems adequate
yet its SNR has not reached a usable level.

6 Mitigation
In this section, we introduce two complementary mitigation
layers: a system-level enhancement (§6.1) that recalibrates
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device-side handover decisions, and an app-level enhance-
ment (§6.2) that exposes low-level radio/link state for proac-
tive app streaming strategies. We then evaluate their impact
at scale (§6.3), and examine the residual VSSes to identify
remaining bottlenecks and opportunities (§6.4).

6.1 System-Level Enhancement

While there exist mobility management optimizations for
HSRs, they mainly target Doppler-induced unreliable chan-
nel measurements or require precise GPS/trajectory infor-
mation [25, 35], rendering them inapplicable to subway tun-
nels where structural interference dominates and GPS is not
precise enough. In today’s underground cellular ecosystem,
mobility management remains mostly BS-centered. ISPs con-
figure BSes with static handover thresholds based on their
pre-assumed signal attenuation model (i.e., the smooth loga-
rithmic model). When a device connects to a BS, these han-
dover parameters are passed to the device. The device then
monitors signal quality metrics (e.g., RSRP, RSRQ) periodi-
cally and reports to the serving BS once certain conditions
are met. Based on these reports, the BS infers the signal
attenuation trend and commands the handover process.

However, this mechanism is neither accurate nor timely in
underground environments. As analyzed in §4, underground
handover patterns are highly irregular even around the same
BS, making static BS-centered or route-dependent enhance-
ments ineffective. To address this, we propose a user-centric
mobility management methodology with real-time signal
modeling. By strategically calibrating measurement reports
sent from a user device to the serving BS in Android’s cellu-
lar management module, we can guide the handover timing
to align with the underground attenuation pattern.

Specifically, the hybrid three-stage pattern affects device-
side signal quality differently across stages. Moreover, to en-
sure real-time responsiveness, the model must update after
each periodic measurement (typically <300 ms). Therefore,
we build our method on the lightweight Time-Inhomogeneous
State Space Model (TISSM) [22], which employs a time-
varying multi-order state space to finely capture the signal
pattern in each stage with limited computational overhead.

Concretely, we model the underground signal attenuation
state at time t as a vector x; = [Rt, b, at] T where R, repre-
sents the device-side RSRP, b; denotes the attenuation rate
(i.e., the gradient of RSRP), and «; is the gradient of the at-
tenuation rate which reflects the rate acceleration. Note that
we carry both the first-order attenuation rate and its second-
order acceleration in x; based on our analysis in §4.2, which
shows that when the device leaves leaky cable coverage,
the RSRP trajectory reflects not only the linear attenuation
caused by transmission loss, but also a slope acceleration
from the diminishing number of serving slots.
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Specifically, the state evolves from t to t + At as Xg+at =

Revae 1 At ATtZ R, Wr(t)
brine| =Mx¢+ @@y = [0 1 At||be| + |opi)|, (6)
At At 0 0 1 az Wa(t)

where w,(;), ®a(r), and wp(;) represent the noise terms of Ry,
b, and a;, caused by multi-path fading, inter-slot interac-
tions, etc.. To embody the transition, we first acquire recent
RSRP measurements of the serving BS, which are sampled
periodically by the user device. With these samples, we adopt
a two-stage Kalman filter framework [13] which iteratively
estimates the attenuation state using prior system dynam-
ics, as well as corrects the state by fusing real-time RSRP
observations to minimize the impact of noise. The detailed
modeling process is described in Appendix B.

Each RSRP measurement drives an update to the attenua-
tion state x, enabling real-time prediction of signal degrada-
tion and data-driven handover guidance. Regardless of the
ISPs’ pre-set thresholds, upon each RSRP measurement, Sub-
Cell determines whether to trigger handover according to
what would happen in the next measurement period. If a han-
dover is estimated to result in an RSRP below the accepted
level (indicating that the optimal handover timing precedes
the next measurement), the device proactively sends a mea-
surement report to the serving BS to initiate the handover.

Furthermore, to mitigate the impact of ISPs’ blind priority
for 5G networks as discussed in §5.2, we augment the BS-
provided handover criteria with device-side SNR awareness.
Specifically, for 4G—5G handovers, a candidate 5G BS is
reported to the serving 4G BS only if (1) its RSRP exceeds
the threshold and (2) its SNR reaches a noise-resilient level
(= 5dB). This could effectively prevent premature handovers.
We also extend this SNR-aware strategy to other handover
types, particularly intra-frequency handovers susceptible to
co-channel interference. Provided that the RSRP is above the
acceptable level, we trigger handovers earlier when the serv-
ing BS’s SNR drops critically low, or defer them if the target
BS’s SNR is insufficient, ensuring handovers are executed
with both sufficient signal strength and reliable link quality.

To implement our device-driven handover strategy, Xi-
aomi engaged in industrial collaborations with modem chipset
manufacturers (Qualcomm and MediaTek), who provided
customized APIs to SubCell. These APIs enable the system
to parse raw modem logs in real-time to retrieve handover
configurations and RSRP/SNR measurements, and to send
customized measurement reports based on TISSM predic-
tions and SNR conditions. Specifically, SubCell follows the
standard event-based handover procedures and constructs
the appropriate reports (A3 events for intra-frequency han-
dovers, B1/B2 events for inter-RAT handovers, and measure-
ment reports indicating that the serving cell’s RSRP is lower
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than the threshold for other types [2]) based on current han-
dover configurations and observed candidate cells.

Note that we only optimize the timing of sending measure-
ment reports to the serving BS. The actual handover execu-
tion remains under the strict control of BSes. Specifically, the
target BS retains full authority to perform admission control;
if it is congested, it will reject the handover request regard-
less of when the report is sent. Thus, our approach does not
bypass BSes’ load balancing or fairness mechanisms.

6.2 App-Level Enhancement

VSSes are oftentimes a result of multiple contributors at dif-
ferent layers, such as the physical-layer radio conditions
and the link-layer BS connectivity dynamics. However, since
application-layer symptoms usually lag behind these under-
lying dynamics, app-level streaming strategies are often too
late to be effective. To bridge this gap, we develop a compre-
hensive radio/link state collection module in SubCell to offer
apps useful low-level information. Specifically, the module
exposes the following metrics to upper-layer apps every sec-
ond (synchronizing with information collection cycles):

e Radio state includes signal quality metrics (i.e., RSRP,
SNR, and RSRQ), MIMO layers, and MCS.

e Link state includes cellular connectivity events, particu-
larly BS handover events, BS dwell time [3], and RAT.

We collaborate with two major mobile video streaming
platforms, Douyin (for on-demand video) and Youku Live
(for live video), and integrate information from our radio/link
state collection module into their streaming strategies. By
combining the low-level information with application-layer
information (e.g., client buffer level, content type), they can
effectively predict potential upcoming VSSes. Building on
this, they further enhance streaming strategies to balance
playback smoothness and video quality. Instead of forcing the
lowest quality (which hurts user experience), both platforms
employ proactive adaptive bitrate (ABR). In detail, they adopt
specific mechanisms tailored to their content types:

o VSS-Informed Pre-Caching for Douyin. Aside from
normal pre-caching®, when a VSS is predicted to happen
in 5 seconds (the threshold is set empirically with internal
benchmarks), Douyin will also start pre-caching subse-
quent video segments and proactively reduce the bitrate
according to the signal metrics we provide.

e Risk-Aware Bitrate Adaptation for Youku Live. Youku
Live augments the origin FESTIVE algorithm [19] by in-
tegrating VSS probability into the bandwidth estimation:

®We adopt on-demand pre-caching rather than aggressive pre-downloading
as user behaviors in short-form video apps are highly unpredictable (e.g.,
frequent skipping). The latter would consume excessive cellular data without
substantially improving QoE.
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Figure 9: Number of VSSes happen-
ing on a single phone with and with-
out our system-level enhancement.

R Badjusted =BX (1 - aP): (7)
where B is the historical weighted average and o = 0.5 is
the empirically optimized sensitivity coefficient. This ad-
justment proactively reduces bitrate when p rises, achiev-
ing 17% reduction of VSSes compared to baseline FESTIVE.

6.3 Deployment and Evaluation

Controlled Benchmark. To quantify the impact of our
mitigation efforts, we first implemented the above two-fold
enhancements in SubCell and conducted controlled exper-
iments to validate them under identical conditions. We se-
lected 30 devices covering the 10 models listed in Table 3
(3 units per model: one baseline, one with system-level en-
hancement, and one with both system- and app-level en-
hancements). We conducted controlled measurements on
three representative subway lines in Beijing by carrying all
30 devices simultaneously along the same routes, and eval-
uating them in both commute and non-commute periods,
using Douyin and Youku Live as workload. The benchmark
results show that our enhancements effectively reduce VSSes
across diverse scenarios. In particular, the system-level en-
hancement alone reduces VSSes by 32% on average, while
the app-level enhancement further reduces VSSes by 26%.
Specifically, the system-level optimization achieves a more
significant VSS reduction during non-commute hours com-
pared to commute hours. This is likely because severe net-
work congestion during commute hours forces target BSes to
reject more handover requests for load balancing, partially
offsetting the benefits of our optimized handover timing.
In contrast, the app-level enhancement shows consistent
improvements across both periods, as it relies on the VSS
prediction derived from cross-layer information, whose accu-
racy is less affected by congestion fluctuations. Furthermore,
the reduction ratio is higher on high-end devices than on
low-end ones, as low-end devices suffer more from non-
network-induced VSSes (e.g., rendering stalls, as noted in
§3.2), which our network-oriented solutions cannot address.

Figure 10: Number of VSSes happen-
ing to the two collaborative mobile
apps on a single phone.

Figure 11: Duration of VSSes hap-
pening to the two collaborative

apps.

Large-Scale Deployment. We then conducted large-scale
evaluation by releasing the patched SubCell to the original
7.1M opt-in users (c.f. §2.3) in 10/20/2024. 5.2M of them up-
graded their systems as of 11/30/2024. Among them, 2.4M
users also updated Douyin or Youku Live to the latest ver-
sions with our app-level enhancement, and agreed to shared
data with us for 7 months. We compare users who upgraded
with those who did not over the same seven-month period (in-
stead of measurement results in §3). We find no statistically-
significant differences in device models or subway usage
patterns between upgraded and non-upgraded users.

Regarding the system-level enhancement, as shown in Fig-
ure 9, it has reduced 39% VSSes across all the ten concerned
apps (as listed in Table 2) on an average phone. Moreover,
this enhancement reduces the average duration of a VSS by
22% (9s — 7s). For Douyin and Youku Live, as illustrated in
Figure 10, the system-level enhancement has reduced 36% of
their VSSes on an average phone, and the app-level enhance-
ment has further reduced 23% of their VSSes on an average
phone. In other words, our two-fold enhancements can pre-
vent the majority (59%) of their VSSes from happening.

In addition, Figure 11 shows that for Douyin and Youku
Live, the system-level enhancement has shortened their av-
erage VSS duration by 13%, and the app-level enhancement
has further shortened their average VSS duration by 25%,
adding up to a remarkably 38% reduction in per-VSS duration
(8s — 5s). We attribute this to two factors. First, SubCell mit-
igates severe signal degradations that would otherwise cause
long-duration VSSes. Second, for unavoidable VSSes, apps
can sustain fluent playback longer during initial network
deterioration and recover faster once connectivity improves.

To evaluate the overhead of SubCell, we perform bench-
mark experiments using the 10 phone models listed in Table 3
under representative workloads. The results show that our
optimizations incur little overhead to a typical user device:
a total of <1% CPU utilization, <250 KB memory, <1.1 MB
storage, and <5 mAh of battery consumption per hour.
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Ethical Concerns. All analysis tasks were adhered to the
agreement established with users. No personally identifiable
information (e.g., phone number, IMEI) was collected.

6.4 Examination on Residual VSSes

While our two-fold enhancements substantially reduce VSSes,
a non-trivial tail (41%) persists. We examine traces that still
exhibit VSSes after applying SubCell, and find that they are
largely driven by constraints outside the scope of user-centric
mobility control. Addressing the residual VSSes requires co-
ordinated efforts from ISPs and phone vendors.

We identify three main classes of causes: radio-side, network-

side, and device-side. On the radio side, we observe signal
coverage holes in certain tunnel segments, as well as in-
sufficient underground 5G leaky-cable provisioning, which
jointly yield deep signal attenuation that client policies can
hardly overcome. Beyond radio access, we observe increased
RTT and reduced network throughput in peak hours even
without degradation of radio access quality, indicating that
congestion on indoor BSes and/or the public Internet (e.g.,
oversubscribed CDN) can lead to VSSes despite stable radio.
Finally, device-side resource bottlenecks, especially on low-
end or overheated phones, cause video pipeline stalls. For
instance, we observe CPU/GPU contention and hardware
decoder failures that trigger software fallback, which can
manifest as VSSes even with adequate link budget.
Mitigating the long tail therefore calls for complementary
actions from both ISPs and device vendors. On one side,
to reduce VSSes caused by insufficient radio coverage and
network congestion, ISPs should close underground coverage
holes (e.g., with signal repeaters), invest more in 5G leaky-
cable deployments (preferably with MIMO support), and
expand both terminal and core network capacity along the
path. On the other side, phone vendors can help combat
VSSes by improving the reliability of the video pipeline, and
tuning scheduler/thermal behavior for foreground streaming.
Together, these efforts complement our system-level and
app-level enhancements by addressing the infrastructure
and platform limits that our system cannot directly control.

7 Related Work

The increasing penetration of cellular networks in our daily
lives has spurred a plethora of researches on their perfor-
mance, overhead, and reliability across diverse environments.
While considerable efforts have been dedicated to optimizing
the overground cellular QoS, the unique challenges presented
by underground environments, particularly in metropolitan
subway systems, have been rarely addressed.

Existing researches have extensively analyzed the cellu-
lar networks in general contexts, including urban [6, 44],
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rural [16, 45], and vehicular environments [11, 40], from var-
ious perspectives like signal coverage, network traffic, con-
nection reliability [26, 27], and data rate [46]. Zooming in on
a bandwidth- and/or latency-sensitive application scenario,
studies on mobile video streaming have highlighted the se-
vere influence of cellular networks’ performance fluctuations,
thereby proposing a variety of innovations to improve user
experience, including adaptive bitrate streaming [14, 23, 47],
caching [28, 32, 37], QoS prediction/modeling [31, 33, 41, 50],
and so forth. However, they seldom take into account the
specific characteristics of underground environments.
There do exist investigations of cellular networks in tun-
nels and underground spaces [7, 9, 12, 39, 49]. They identify
the challenges of constrained radiowave propagation, high
user density, and frequent BS handovers. They also highlight
the impact of train movement and structural interference on
network connectivity. Nonetheless, they typically focus on
signal-level propagation modeling and physical-layer solu-
tions (e.g., antenna deployment). They rarely examine how
the unique tunnel environment interacts with ISPs’ mobil-
ity management protocols, or how these interactions ulti-
mately impact the end-user application-level Quality of Ex-
perience (QoE), such as the playback smoothness of online
video streaming. Moreover, they are conducted at fairly small
scales or with limited data, making it difficult to generalize
their findings and solutions to large-scale subway systems.
Prior researches have also touched on the mobility man-
agement in cellular networks [15, 24, 27]. Most of them are
conducted in overground settings with regular macro BSes,
and thus can hardly cope with underground subway sys-
tems equipped with indoor micro/pico BSes [49]. While mea-
surement studies of cellular networks in highway or HSR
environments offer some relevant insights [8, 21, 25, 35, 43,
48], they address fundamentally different challenges. HSR
handovers mainly suffer from Doppler-induced unreliable
channel measurements, which can be mitigated by delay-
Doppler-domain signaling. Conversely, subway handovers
suffer from the unique “double-enclosure” structure (tunnel +
train body) and unbalanced 4G/5G deployment. These factors
cause faster signal attenuation and much more irregular han-
dover patterns than overground scenarios, rendering static
BS-centered or route-dependent enhancements ineffective.
Therefore, our work necessitates a user-centric, real-time
signal modeling approach distinct from HSR solutions.

8 Discussion

Generalization. For regions with 4G-only underground
coverage (common in Europe and the US), though they would
not suffer from the 4G/5G ping-pong handovers, handovers
around tunnel exits and entrances still face similar challenges
as those in China. Taking our US dataset for example, we
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still observe that serving BSes suffer from abrupt signal at-
tenuation when devices enter tunnels due to the enclosure
structure, and BSes near tunnel entrances/exits exhibit nor-
mal RSRP but low SNR due to severe ambient interference.
Yet, ISPs” handover strategies still assume a gradual signal at-
tenuation rate and rely solely on RSRP thresholds, neglecting
SNR conditions [2]. Thus, our real-time SNR-aware signal
modeling (detailed in §6) remains effective in 4G-only sce-
narios by triggering handovers at more appropriate timings.

Limitations. The subway identification method relies on
the barometer sensor to detect the pressure increase upon en-
tering an underground station. Consequently, SubCell does
not support devices lacking a barometer or scenarios where
users board at above-ground stations. However, these limita-
tions do not substantially undermine the practical value of
our work: barometers are widely available in modern smart-
phones (e.g., over 60% of Xiaomi devices), and most subway
stations are underground (e.g., >85% in Beijing). For devices
without barometers and above-ground scenarios, our system
can be extended by fusing location information with motion
sensor data to identify train boarding events in future work.
Moreover, despite the effectiveness of our optimizations,
they are subject to network capacity and device capabilities.
During extreme congestion (e.g., peak commute hours), the
target BS may reject handover requests for load balancing
purposes, partially offsetting the benefits of our optimized
handover timing. Also, for low-end devices, a portion of
VSSes may stem from hardware bottlenecks rather than net-
work issues. Thus, the mitigation of our solutions is inher-
ently capped on these devices compared to high-end ones.

Lessons Learned. Beyond specific optimizations for sub-
way networks, our study offers broader insights for future
cellular infrastructure and protocol designs. First, MIMO is
critical for robustness, not just throughput. While MIMO is
often deployed to boost data rates in open areas, we find its
spatial diversity is even more vital in confined environments
(e.g., tunnels) to counteract severe signal degradation. Fu-
ture deployments in challenging environments can leverage
MIMO capabilities to enhance connectivity stability. Second,
mobility management should incorporate device-side intelli-
gence into the BS-centered control loop. In highly dynamic
environments where signal patterns are irregular, the BS-
side information may be coarse and lagged. By capturing
real-time signal fluctuations, user devices can assist in mak-
ing more appropriate decisions. Third, cross-layer informa-
tion sharing is essential for app resilience. Existing apps rely
on passive throughput estimation, which often fails under
rapid fluctuations. Our results suggests a need for operating
systems to provide richer network context APIs for apps to
enable more proactive adaptation strategies, fostering a more
collaborative optimization between the system and apps.
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Broader Impact. Most of our experiences gathered in this
paper can be applied to other challenging scenarios of cellular
networks that deviate from common assumptions. Although
our identified multi-fold factors that heavily impact the QoS
are based on the measurements in China and the US, they
can be reused by subway networks in other areas across the
world since these factors essentially stem from international
protocol standards (e.g., 3GPP) or de facto infrastructure
standards (e.g., indoor BS plus leaky cable deployment).

Apart from subways, many of our findings and optimiza-
tions can be extended to underground marketplaces and
public transport hubs with fast attenuation and intensive
noise, as well as mountainous regions with non-uniform
signal coverage, especially when video telephony, online
meeting, or multi-player gaming are executed there which
require high and stable bandwidth in harsh environments.

In fact, even emerging scenarios like underwater cellular
networks (with immense water resistance) and planet-wide
6G (that integrates satellite and terrestrial wireless infras-
tructures) can benefit from our two-fold enhancements with
actionable adaptions. At the system level, the flexibility of our
TISSM-based signal model allows for its application to com-
plex environments, by simply adjusting the state transition
matrix to align with the gradient variety in the multi-stage
signal attenuation. At the app level, our collected low-level
radio/link state information can be effectively utilized for
timely performance prediction and resource scheduling, so
as to ensure seamless QoS across very different links.

9 Conclusion

This paper presents our efforts towards understanding and
addressing the QoS problems in underground cellular net-
works, with a focus on the VSSes in subway environments.
Despite considerable existing researches on overground cel-
lular performance, underground cellular networking remains
largely unexplored. We fill this knowledge gap through a
large-scale, crowdsourcing-based measurement study with
the help from millions of Android users. Our results illus-
trate multi-fold factors that harm the subway cellular QoS,
particularly the unique signal attenuation pattern, the defec-
tive infrastructure deployment, and the BS-centered mobility
management. Driven by the insights, we devise both system-
and app-level enhancements to practically mitigate the QoS
problems. Our experiences provide valuable guidelines and
actionable solutions for mobile ISPs, phone vendors, and app
developers to foster a seamless and robust cellular ecosystem.
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Table 2: Top-10 popular video streaming apps involved
in our study and their main functionalities.

ID App Functionality =~ # Users
1 Douyin On-demand 755M
2 Douyin Lite On-demand 521M
3 Kuaishou On-demand 425M
4 Wechat Video Telephony Live 354M
5 Tencent Video On-demand 344M
6 Kuaishou Lite On-demand 273M
7 Bilibili On-demand 227TM
8 Youku Live Live 174M
9 Huya Live 46M
10 Tencent Meeting Live 35M

Table 3: Hardware configurations of our studied 10
phone models, generally ordered from low-end to high-
end. The rightmost two columns correspond to the
phone’s Android version and user percentage.

Model CPU Memory Storage Android Users
1 2.4GHz 8GB 256GB 13.0 8.29%
2 2.6GHz 12GB 256GB 14.0 8.01%
3 2.84GHz 12GB 256GB 13.0 5.81%
4 2.84GHz 16GB 512GB 13.0 6.44%
5 3.0GHz 12GB 256GB 14.0 14.98%
6 3.0GHz 16GB 512GB 14.0 16.17%
7 3.0GHz 16GB 1TB 14.0 6.62%
8 3.3GHz 12GB 256GB 14.0 12.05%
9 3.3GHz 16GB 512GB 14.0 14.11%

=
o

3.3GHz 16GB 1TB 14.0 7.52%

A Apps and Device Models Involved in Our
Study

Table 2 lists the top-10 popular video streaming applications
monitored in our study, covering both on-demand stream-
ing and live streaming. Table 3 summarizes the hardware
configurations of the 10 phone models involved in our study,
detailing their CPU frequencies, memory sizes, storage ca-
pacities, Android versions, and user percentages.

B Attenuation State Modeling in TISSM

This appendix details the modeling of device-side signal at-
tenuation in TISSM. Concretely, we model the underground
signal attenuation state at time ¢ as a vector x; = [Rt, b;, at] T
where R; represents the device-side RSRP, b; denotes the
attenuation rate (i.e., the gradient of RSRP), and a; is the
gradient of the attenuation rate which reflects the rate accel-
eration. We leverage w,(;), Wa(s), and wp(;) to represent the
noise terms of R;, b;, and a;. Then, the state evolves from ¢
to t + At in four steps as follows.

e Step 1: Attenuation rate gradient update

Ar+Ar = A + Wq(r), (8)
where wq(;) models the noise influencing rate variability;
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e Step 2: Attenuation rate propagation
brsne = bt + arsns - At + wp(y), %)
where wp(;) captures the impact of noise on attenuation
rate;

e Step 3: RSRP update
Rivar = Ry + bryar - At + 0p (), (10)
where w,(;), analogous to wg(;) and wy(;), represents the
impact of noise on the RSRP value;

e Step 4: The state transition from x; to X¢iat 1S Xe4at =

Riin: 1 At Ath R; Wr(t)
breat | =Mx¢+w@wy =0 1 At |be|+ @by |, (11)

Ar+At 0 0 1| |a: Wa(t)

which can dynamically infer the current attenuation pat-
tern based on historical attenuation states.

To implement this model, we adopt a two-stage Kalman
filtering framework. Following each periodic RSRP measure-
ment, the framework first estimates the attenuation state
with prior system dynamics, and then corrects the state by
fusing real-time RSRP observations to suppress noise.

In the estimation stage, the predicted state X¢+a¢ is de-
rived from the prior state x; using the aforementioned equa-
tions. The noise terms, w,(s), Wp(r), and wq(;), are modeled
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as zero-mean Gaussian processes:
@r(y ~ G(0,6% 1)) bty ~ G(0,04)), Wa(r) ~ G (0,0 ),

where variances 02,,,, 62,,., and o2, . are estimated through
r(t)” Ob(1) a(t)

Maximum Likelihood Estimation on historical data. These
variances populate the diagonal covariance matrix W; =
diag(arz(t), O—lf(t)’ O's(t)), ensuring noise independence.

In the correction stage, the predicted state X¢a¢ is refined
using the observed instantaneous state X¢4a¢. First, the RSRP
residual error is computed as

erint = Resnr — Resar- (12)
Afterwards, the error covariance matrix P; is updated as
Pripr = MPMT + W, (13)

where M is the state transition matrix in Equation (11).
The Kalman gain K;,a; then weighs the influence of this
residual on the state update
Krear = PraadFT (FPacFT) 7, (14)
where F = [1, 0, 0] isolates the RSRP component for correc-
tion. Finally, the corrected state is obtained as

Xerat = Xeeat + Kevacerrarn (15)
and Py p; is further updated as
Prinr = (I - Kt+AtF)Pt+At: (16)

for estimations in the next measurement period.
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