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Problem: Deviations from the planning time

in day-to-day business

Consequences:

• Dispatcher has to reschedule (rescheduling causes much more effort than the original planning)

• Start of work on job 2 is delayed (customer must be informed) 
• Order 3 can no longer be completed on the same day

• Technician has to work overtime

Order 1

~240 Min

Order 2

~ 60 Min

Order 3

~ 90 Min
Plan

Start of work End of work

Order 1

320 Min

Order 2

180 Min
Actual



What would happen if you could 

predict the duration of service 

orders much more accurately?
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What is Machine Learning?

Machine Learning can be broadly defined as computational methods using

experience to improve performance or to make accurate predictions.“ “— Mehryar Mohri, Foundations of Machine Learning (Adaptive 

Computation and Machine Learning Series)

Image Source: https://christophm.github.io/interpretable-ml-book/terminology.html



What is Machine Learning?



What is Machine Learning?

Image Source: https://hackernoon.com/five-successful-ai-and-ml-use-cases-in-manufacturing-ac3a30ol



• AI Powered Equipment failure prevention

Anamoly detection in oil temperatures to monitor and configure pumps. (case Schneider Electrics)

• Deep leaning powered quality control

Deep learning approaches allow creating systems that achieve better perception than machine 
vision-based ones. By integrating high optical resolution cameras and GPUs with image 

classification, object detection, and instance segmentation algorithms, data engineers can create a 
precise AI inspection system to detect manufacturing defects. 

• Deep Learning-driven Product Design

General Motors, in collaboration with Autodesk, applied generative design algorithms to a seat belt 
bracket prototyping, which yielded in creating a product that is 40% lighter and 20% stronger than 
the original one.

Existing Business Cases

Source: https://hackernoon.com/five-successful-ai-and-ml-use-cases-in-manufacturing-ac3a30ol

https://mobidev.biz/blog/ai-visual-inspection-deep-learning-computer-vision-defect-detection?ref=hackernoon.com
https://www.autodesk.com/customer-stories/general-motors-generative-design?ref=hackernoon.com


Existing Business Cases

• Smart energy consumption

Being aimed to detect patterns and trends, ML models predict future energy consumption by processing 
and analyzing historical data. In this case, ML models rely on sequential data measurements, determined 

with the help of autoregressive models and deep neural networks. This ML approach gives a better 
understanding of how energy is being consumed at facilities, and optimizes manufacturing processes in a 
more data-driven way. For example, a Swiss corporation ABB provided manufacturers with an AI-driven 

platform to prevent peak-time energy costs.

• Supply chain management
ML-based supply chain management software uses deep neural networks to analyze such data as material 
inventory, inbound shipments and work-in-processes, as wells as market trends, consumer sentiments, and 

weather forecasts. Continental, a German automotive supplier, utilized an AI-based solution to predict the 
optimal points for tire changes on commercial fleets, which allowed to optimize the stock of tires, increase 

up-time, and reduce maintenance costs.

Source: https://hackernoon.com/five-successful-ai-and-ml-use-cases-in-manufacturing-ac3a30ol

https://www.continental-tires.com/transport/media-services/newsroom/20180322-conticonnect?ref=hackernoon.com




Solution: Forecasting service order duration with mobileX AI

Order data

• Actual times
• Customer

• Order object
• Order type
• Notification type

• Order address
• Weekday& time

• Material
• Further data relevant 

for the order duration...

Historical orders

Order data

• Predicted order
duration

• Customer
• Order object
• Order type

• Notification type
• Order address

• Weekday& time
• Material

New orders

mobileX-AI

Training of the algorithm 

with as many historical 

orders as possible 

• Query based on 

existing order data

• Continuous training of 

the algorithm

Forecast of the 

planning duration

based on all (!) historical 

data



Training 
algorithm with 

orders from the 
learning group

Forecast order 
duration for 

orders from the 
test group

Comparison of 
forecast 

algorithm with 
actual and 

planned times

Adjustment of 
the data 

selection for the 
algorithm

Testing of forecast quality within the scope of a

PoC at three mobileX pilot customers

Learning group

• Definition of the individual 

order data relevant for the 

order duration

• Preparation of the data for 

the algorithm

• Training of the algorithm

Historical

order data

Test group

• Orders of the historical test 

group are "new" orders for 

the algorithm

• By comparison with existing 

planned and actual times of 

the orders, the forecast 

quality can be accurately 

determined

70%

30%

mobileX
Algorithm

Result:

Improvement of the plan duration by 50%!



Evaluation results for 3 pilot customers

Data record #Samples #Features (Bin. columns)

A - Complete 96966 123

A - Incomplete 571414 130

B - Complete 10194 98

B - Incomplete 286471 127

C - Complete 16889 89

C - Incomplete 81918 99

Mixed - Incomplete 207001 179

Samples = Service orders

Features = Properties per service order (converted into machine-readable form)



0

500

1000

1500

2000

2500

3000

Planned Predicted

Error in minutes for 50 orders

As a result, the prediction of the 

planning duration by mobileX AI 

resulted in an average 50% lower 

error rate!

Evaluation results for 3 pilot customers

Error rate = planned duration - actual duration

Sum of the errors = quality of the system, i.e. the smaller the sum the better



Frame parameters of service company:

• Duration of service order: 2 hours

• Number of serviceordersper year: 50,000

• Number of servicehoursper year: 100,000

• Average error rate in plan duration of service company: 20%

• Improved error rate via mobileX AI: 10%

Example for improvement of service order plan duration

➔ Forecasting using mobileX AI reduces the error sum by an average of 10,000 hours per year.

➔ Yearly error sum of plan duration in regular plan duration is 20,000 hours

➔ Improved error sum of plan duration via mobileX AI is 10,000 hours.



Potential benefits from using mobileX AI

Saving of working time 

in dispatching
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Potential benefits from using mobileX AI

Improvement of customer and 

employee satisfaction

Saving of working time 

in dispatching

Optimization of the 

technician's workload

Eliminate effort for analysis of

historical service order times






