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A glance at 5G testing challenges
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5G networks enables user centric services’ evolution…..
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5G enablers

Video/Audio, Interactivity

Gaming/VR/AR/XR services

Context aware 

user and machine QoE5G services/applications



…with significant impact on network testing
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- mmW, mMIMO/3D beamforming, high order 

modulation & coding

- Dynamic ML/AI based network slicing

- Network embedded ML/AI

- Characteristics, capabilities, performance, 

- Proprietary ML/AI based RF modules (e.g. 

beam management)

- Services/applications clients/codec

- Diverse, ML/AI based delivery platforms

- Different severs/clients performances 

- Dynamic OTT versions/releases

- Dynamic proprietary encryption/security 

- Context aware (network/service/user 

preferences) >> ML based QoE

- New Types: User, machine(s)

- New Dimensions: interactivity

- Models to cope with non-deterministic 

network metrics interdependency  

Network 
complexity/intelligence

(technology disruptors)

Devices variety

Services/applications/verticals 

variety & diversity

The “new” QoE

Optimize

User/ 

Service

Trouble

shoot

Network 

Testing



New emerging 5G testing trends 



5G testing requirements and their derived trends

Maximize Revenue 
& Customer QoE
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Cope with 
users/devices/services/ 

applications variety, diversity, 
dynamicity

Cope with network metrics 
complex inter-dependencies, 
new QoS/QoE dimensions 

Cope with network 
embedded intelligence  



OTT voice/video 
clients (gOTT) 

Benchmark reference for 
OTT voice/video services  

performance 

(one app, one version, one 
device, one set of KPIs, 

fully controllable) 

ML based jitter buffer 
modeling 

Generic service 
traffic patterns 

Simulation of service 
patterns (OTT media, XR) 

using an “adaptive” TWAMP 
server & device based client 

Automated traffic patterns 
identification

ML based network sensing 

ML based QoE dimensions

Generic framework 
for OTT apps testing

One drive, one test, one  
common set of  normalized 
KPIs (ETSI based) for many 

OTT apps

Automated OTT streaming  
sessions (launch, set-up, 
streaming, cut off, close) 
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Pillars of Generic 5G testing

WHY
(SCOPE)

HOW
(REQUIRES)

ITU-T P.565, 565.1/sQLEAR, 

ETSI STQ 00236
ITU-T SG 12 WI – Questions 17/14
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Network centricDevice/ Media signal (voice/video)

ML FEATURES
LEARNING/

VALIDATION

PREDICTED QoE
similar concept of sQLEAR Scoring applied for video streaming/conversational, eGaming

IMS calling
OTT calling
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New QoE: Rethinking QoE modelling/testing
TEMS QoEbyML concept, such as sQLEAR (ITU-T P.565)

Voice

gOTT

OTT streaming

Video

gOTT

Client app (generic) centric

Traditional MOS 

Model 
Crowdsource

NOTE: See ITU-T P.565, P.565.1/sQLEAR

Parameters/metrics/information elements  

Complex, non-linear network metrics interdependencies and sophisticated client-based 

error concealment schemes call for ML and standardized device-based QoE modelling 



5G Predictive testing
TEMS IntelTest with real time predicted RCA (classification and quantization)  
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Pre-Trained ML 

model
(various use cases, network 

conditions)

Parameter 

extraction
Predicted RC with confidence levels 

• Cell border: 60%

• DL Interference: 30% 

• Cell load: 10%
Real-time 

data stream

Raw data 

logfiles for 

further   

analytics

Classified 

problems (type, 

severity, likelihood)

ML enabled real time RC classification and likelihood for a fast, cost-efficient analytics  



5G Automated & Autonomous testing
TEMS Precision Drive Testing: what/where/when it matters
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Infovista NLA
(or CSP, other external)

Network/Service

(PM, CM, FM, BM) 

Customer/Device 

(CT, MDT CRM, CS)

Planning

EXTERNAL

(ML/AI or project admin)

Automated/autonomous 

orders & PDT reporting/analytics

Edge analytics: 

ML based context sensing tests  

Actions

Repository/libs:

Use cases /Test Scripts 

(DoD/pass-fail rules)

Workflows / Site config

PDT progress (Definition of Done - DoD, faults)

Measurements, pass/fail test results

Routes 

pre/defined/calculated

(sweet spots, sites gps)

Project admin

(project definition, 

Orchestration & tool 

inventory management)

Analytics
Detailed reports

RCA/Predictions

Automated assignments:

(Re)-scheduled workflows 

with test scripts & routes

ML/AI techniques required for automated/autonomous driving testing what/when/where it matters



Expand the horizon with External Data
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Infovista NLA
(or CSP, other external)

Network/Service

(PM, CM, FM, BM) 

Customer/Device 

(CT, MDT CRM, CS)

Planning

EXTERNAL

(ML/AI or project admin)
OSS System Reading

OSS for Spectrum Analysis

Crowdsourcing Data 

Automating RF Interference Analysis Through OSS/PM Data

• Eliminates driving for detection

• Gets you informed, better and faster 

• Improves operational efficiency and reduces OPEX

Leveraging OSS Data for:

• 24/7, country-wide network performance visibility

• Better insight: network availability, retainability, congestion, …

• AI/ML prediction of QoE, Network Capacity, Churn for future years

• Reduce OPEX by limiting DTs to degraded areas

Correlating Crowdsourcing data with DTs for:

• Increased sample numbers and areas covered

• More precise and comprehensive scoring

• Unified reporting on quality assurance and benchmarking

Planning Coverage Maps

Leveraging Planning Data to:

• Identify sweet spots and provide optimal DT routes 

• Automate E2E process to improve efficiency (e.g. .20% faster SSV)

• Reduce Driving and OPEX by increasing accuracy 



5G testing driving to ITU-T P.1402



5G testing driving to ITU-T P.1402
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Call for 
ML/AI 

complex 
techniques 

Generic

QoE ML based modeling

Predictive

Precision drive testing



ITU-T P.1402

ML/AI algorithms to be applied for: 

• Networks’ performance evaluation, monitoring and 
troubleshooting techniques (overall testing)

• Voice/video QoS/QoE prediction models 

Powerful techniques which inherently are very complex and 
therefore prone to misusage and misinterpretation and 
consequently showing high risks of drastically impacting 
their strengths and benefits. 

Need to carefully follow well defined guidelines when 
applying ML. 

→ P.1402 recommendation introducing general guidelines 
for applying ML within the context of SG 12 work items 
which are suitable to these techniques. 
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ITU-T P.1402
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Minimum requirements for ML based 

solutions

-Training/learning databases integrity /validity 

testing and split process definition, 

- ML feature selection, 

- Algorithm performance procedure, 

over/under-fitting test

Overview on ML optimization process

Rules/techniques for optimization of the ML

model/algorithm’s parameters towards the

best model defined by highest accuracy

(minimal underfitting) and minimal or

preferably no bias towards the learning data

set (least overfitting).

.
Guidance on the evaluation and validation

of ML based solutions in ITU-T SG12

Data bases selection and validation

procedure for traditional and ML/AI based

QoE models

General practices for applied ML 

ML features selection, data validity and 

meaningfulness, independency between 

number of features and algorithm accuracy 

(over/under-prediction) 

Brief overview on ML

- Learning techniques 

(supervised, unsupervised, deep learning)

- Algorithms

(linear  regressors/classifiers, logistic 

regressors, PCA, decision trees, K-means, 

Neuronal Networks) 

Applied ML in ITU-T SG12

- Network quality diagnosis, operations -

ITU-T E series 

- Voice / video QoS/QoE prediction such 

as in ITU-T P.565 series

Guide for Development of Machine Learning Based Solutions



Take away



ITU-T P.1402:
Guide for Development of Machine

Learning Based Solutions
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Take away

New 5G emerging testing trends 

call for ML/AI techniques to be first 

proved as reliable and robust, using 

standardized guidance and rules.

Generic 

Automated/

Autonomous 

Proactive/

Predictive

New QoE

5G 

Testing 

Trends



Thank you!
www.infovista.com
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