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HORIBA has been developing various solutions to improve the efficiency of 

automotive testing, including the test automation system “STARS” and the 

automatic driving system “ADS EVO.” However, when visual information, such as 

instrument panel (IP), needs to be incorporated into driving tests, a human driver 

had to directly observe the display. To address this, we developed a “Machine 

Vision System for Vehicle Testing” that converts IP information into numerical 

values using image analysis technology, which interacts with STARS and ADS 

EVO. In this report, we describe the design concept and structure of this system, its 

user interface with flexible configuration options, and the fast response numerical 

OCR model. We also present case studies of its application in test automation.
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1. Introduction

With the rapid advancement of vehicle electrification and 
intelligence, there is a growing demand for both increased 
development speed and quality, making the efficiency of 
vehicle evaluation a pressing challenge[1]. HORIBA has 
long provided solutions to support the streamlining of 
automotive testing processes. For example, by managing 
the status and signals of test objects, various facilities, 
and measurement instruments collectively via the test 
automation system (HORIBA product name: STARS; 
hereafter, STARS), a mechanism has been established to 
automate test execution, measurement, and monitoring, 
thereby contributing to the efficient development of vehi-
cle evaluation systems[2].

Among the products HORIBA offers for complete vehicle 
evaluation benches is an automated driving system 
(HORIBA product name: ADS EVO; hereafter, ADS 
EVO), which operates the vehicle in place of the driver[3]. 
ADS EVO can perform operations such as accelerator, 
brake, and clutch pedals, gear shifting, ignition buttons, 

and air conditioning switches on behalf of the tester. These 
functions enable precise driving in accordance with emis-
sion measurement test modes required for vehicle certifica-
tion and provide a solution that reduces tester workload 
during long-duration tests such as durability and energy 
consumption testing. However, ADS EVO does not have 
the capability to acquire visual information from the 
instrument panel (hereafter, IP) or warning lights as seen 
by the driver, and incorporating such information into 
driving required tester involvement. This background 
revealed the need for “ADS EVO to have eyes.”

A survey of existing technologies that could serve as the 
“eyes” for ADS EVO found that factory automation (FA) 
has progressed in manufacturing sites, with examples of 
image analysis technology being used for visual inspec-
tion and character recognition[4]. In these cases, inspec-
tions such as defect detection and reading printed text are 
performed on products flowing in known shapes at desig-
nated positions. In the automotive testing domain, there 
are reports of image analysis technology being used for 
standalone IP inspection[5]. However, these prior studies 
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are not optimal for applications such as automotive test-
ing, where the IP, camera positions, and inspection items 
change multiple times a day. Additionally, such systems 
differ from those that assume integration with actuators 
operating the vehicle, like ADS EVO.

Meanwhile, the constituent technologies of image analysis 
have become widely available, including as open-source 
libraries[6]-[8], and it was considered that these technologies 
could deliver sufficient performance for automotive test-
ing applications.

Leveraging these existing technologies, a proof-of-con-
cept (PoC) and prototype were developed for a “Machine 
Vision System for Vehicle Testing” (hereafter, Machine 
Vision System), which can be operated generically for 
various vehicle IPs and inspection items and processes 
data at human-like reaction speeds, enabling integration 
with ADS EVO during complete vehicle testing. This 
report introduces this initiative: Section 2 discusses 
design innovations, Section 3 evaluates the standalone 
Machine Vision System, Section 4 presents application 
cases integrated with ADS EVO, Section 5 considers the 
effects on test efficiency, and Section 6 summarizes and 
discusses future developments.

2. Development of the Machine Vision System

This section explains the requirements for the Machine 
Vision System when integrated with ADS EVO and 
describes the development of both the user interface (UI) 
and the numerical OCR model, which are key design 
aspects.

2-1 System Role and Design Policy

The Machine Vision System discussed herein is intended 
as an element of a system integrated with ADS EVO. This 
subsection outlines its role and design policy. Figure 1 
shows the basic configuration of the ADS EVO-integrated 
system and the functions of each block. ADS EVO oper-
ates the vehicle in place of the driver, the chassis dyna-
mometer applies loads equivalent to road driving, and the 
Machine Vision System captures images of the vehicle’s 
IP and converts them into numerical data. STARS cen-
trally manages data from each block and, based on data 
from the chassis dynamometer and Machine Vision 
System and the prescribed driving patterns, sends opera-
tion commands to ADS EVO.

Figure 2 illustrates the basic configuration of the 
Machine Vision System. The camera is mounted near the 
IP using a universal mount compatible with various vehi-
cle shapes. The controller, equipped with a monitor for 
operator use, is placed in the measurement room. The 
controller converts camera images into numerical data 
and transmits them to STARS. As shown in Figure 1, 
STARS determines the commands for ADS EVO; thus, 
the Machine Vision System is designed to output numeri-
cal data read from images directly, without including 
detailed sequence control or error judgment functions.

Figure 1   Diagram integrating ADS EVO and machine vision system.

Figure 2   Machine vision system diagram.
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Next, the necessary preparation steps for testing are 
described. Figure 3 shows the flow from preparation to 
measurement. First, the camera is installed at the desig-
nated position, and the controller software is launched. The 
camera’s view is displayed on the controller screen, allow-
ing adjustment of the viewing angle and focus. Then, a 
configuration file is created to define the measurement 
method according to the vehicle’s IP. While AI-based auto-
matic judgment could be considered, the design policy pri-
oritized allowing testers to set parameters explicitly, 
addressing concerns about unexplained results.

Configuration files are created using the controller’s UI. 
In automotive testing with a chassis dynamometer, vehi-
cles may be swapped multiple times a day, necessitating 
flexible and rapid preparation for different vehicles. The 
UI for this purpose is explained in Section 2-2.

To ensure integration with ADS EVO, images transmitted 
from the camera are processed sequentially and sent imme-
diately to STARS. Human visual reaction time is reported to 
be about 180 ms[9], so the Machine Vision System’s process-
ing time was targeted at 100 ms. Most constituent technolo-
gies used standard methods, but for character recognition, a 
custom machine learning-based model specialized for 
numerical recognition was developed to balance reading 
accuracy and responsiveness; this is outlined in Section 2-3.

2-2 User Interface Development

This subsection describes the UI for creating configura-
tion files tailored to the vehicle, as explained in Section 
2-1. First, the IPs of vehicles are described: in addition to 
conventional analog meter types, the spread of digital 
meters and added functions due to electrification and 

intelligence have led to diverse display content depending 
on manufacturer, model, and grade. However, most dis-
play methods can be broadly classified into three types: (1) 
pointer type (e.g., speedometer, tachometer), (2) numeric 
display type (e.g., odometer, clock), and (3) symbol dis-
play type (e.g., indicators, warning lights). Algorithms 
developed for each display type are referred to as “Circle 
Meter Recognition” for pointer values, “Numerical OCR 
(Optical Character Recognition)” for numeric values, and 
“Pattern Matching” for symbol presence/color, output as 
integer values. Testers can select the appropriate algo-
rithm for each inspection item.

Figure 4 shows the UI for creating configuration files and 
the contents that can be set for each area. Area A allows 
selection of the video source for imaging; this is used to 
choose between pre-recorded videos or the currently con-
nected camera. Area B displays the selected video source, 
enabling adjustment of camera angle and focus. Area C 
allows selection of the algorithm—Circle Meter Recognition, 
Numerical OCR, or Pattern Matching—for each inspection 
item (speed, odometer, warning lights, etc.), and specifi-
cation of the analysis area in Area B. Finally, algo-
rithm-specific settings are made: for Circle Meter Recognition, 
scale positions and values are set; for Pattern Matching, refer-
ence images for similarity judgment are specified in Area B; 
for Numerical OCR, automatic identification of character 
strings in the specified area is supported, so no additional 
settings are required. Area D shows the processing results 
for each inspection item, allowing adjustment of algo-
rithm settings such as scale positions, similarity thresh-
olds, and area settings.

Figure 3   �Operational procedure of the 
machine vision system. Figure 4   UI display of the setting file configuration.
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Thus, while configuration of algorithm and analysis area 
for each inspection item is required, the objective was to 
enable operation in accordance with tester intent through 
appropriate settings[10].

2-3 Development of Numerical OCR Model

The Machine Vision System was designed for integration 
with ADS EVO, with the numerical OCR aiming for 
human-equivalent processing speed. Generally, OCR libraries 
are known to be computationally intensive due to image and 
mathematical processing[11]. Experimental implementation 
using the open-source OCR Tesseract[6] showed that sys-
tem-wide processing time exceeded 100 ms when the number 
of reading targets increased. Therefore, a fast numerical OCR 
model was developed using a machine learning approach 
specialized for numerical recognition.

PyTorchTM*1[12], a deep learning framework, was used for 
model training. Figure 5 shows the training and evalua-
tion workflow. Considering the variety of fonts used in 
actual vehicle IPs, numeric images were generated using 
25 fonts, with added disturbances in size, position, and 
inclination. Random image blending was also applied to 
simulate practical conditions such as IP scratches and 
reflections. The model was trained and validated using 
these images, allowing tuning for user-specific applica-
tions rather than relying on opaque library processes.

Figure 6 shows examples of training data used. Training 
was performed with 1.2 million images and validation 
with 10,000 images, resulting in a reading accuracy of 
94.4%. Note that the validation included images with 

partially missing digits, as shown in Figure 6, so the 
accuracy was assessed under practical conditions, with 
results discussed in Section 3-2. Finally, the processing 
speed of the numerical OCR model is described.

Table 1 shows the reading processing speed for the model 
described. Experiments used a laptop PC with a 13th Gen 
Intel® CoreTM*2 i7-1365U 1.80 GHz and 32GB RAM. 
Reading speeds for single-digit and five-digit numbers 
were measured, with processing times of approximately 
30 μs and only a 5 μs difference between the two, con-
firming that digit length had minimal impact. Thus, even 
with increased reading targets, the system-wide process-
ing speed goal of 100 ms can be met, and this numerical 
OCR model was adopted for the system.

Figure 5   Process flow of model training and validation.

Figure 6   Training and validation data set example.

Table 1   �Processing speed performance of the 
digit-specific OCR model.

Displayed 
image

Processed 
time

27μs

32μs

*1 Registered trademark or trademark of The Linux Foundation

*2 Registered trademark or trademark of Intel Corporation
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3. Evaluation of the Standalone Machine  
    Vision System

This section presents the evaluation results for the reading 
accuracy of the standalone Machine Vision System. Section 
3-1 reports the accuracy of each of the three reading algo-
rithms; Section 3-2 presents additional evaluation of the 
numerical OCR model using various fonts from actual 
vehicle IPs.

3-1 Reading Accuracy Evaluation

Due to the diversity of IP displays, it is not easy to set a 
uniform reading accuracy target for the Machine Vision 
System. Therefore, a simulated IP device capable of out-
putting specified values was used for evaluation, with a 
reading success rate target of 99%. Accuracy was assessed 
by first confirming whether each algorithm’s reading 
values continuously tracked the command values, then 
considering system processing time and responsiveness, 
and finally defining reading success for each algorithm 
and verifying accuracy.

Figure 7 shows a schematic of the evaluation device. A 
simulated IP displaying speed, odometer, and malfunction 
indication lamp (MIL) was prepared, and readings were 
compared to controller command values. Circle Meter 
Recognition, Numerical OCR, and Pattern Matching were 
applied to speed, odometer, and MIL, respectively. WLTC 
speeds were used for speed command values; odometer 
readings were set to increase from 0 to 999,999 during 
the WLTC1 cycle to test up to six digits. MIL was tested 
with frequent switching (off, yellow, red every 5 seconds), 
with reading values of 0, 1, and 2, respectively, repeating 
the cycle three times for reproducibility.

Figure 8 shows the command and measured values for 
speed using Circle Meter Recognition and their correla-
tion. Across low to high speeds and three measurements, 
command and measured values tracked similarly; the 
regression slope was 0.983 and R² was 0.998, indicating 
good tracking. Minor discrepancies were attributed to 
needle shape and scale position settings.

Figure 9 shows command and measured values for the 
odometer using Numerical OCR and their correlation. 
Across one to six digits, values tracked well; regression 
slope was 1.00 and R² was 0.999, though a few outliers 
were observed. Table 2 lists image changes that con-
tributed to these outliers, such as intermediate images 
captured during number transitions, which are difficult 
for humans to judge. Future work includes implement-
ing outlier removal and interpolation using multiple 
frames.

Figure 8   �Displayed value vs. recognized value of (a) vehicle speed in time-series comparison and �  
(b) correlation plot.

Figure 7   Performance test equipment diagram.
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Figure 10 shows command and measured values for MIL 
using Pattern Matching, with expanded views of the start, 
middle, and end of three test cycles. All states (off, yellow, 
red) were accurately read.

Next, processing and response times during measurement 
were examined. Figure 11 shows time-series changes for 
speed, odometer, and MIL. Speed was updated at 100 ms 
intervals, meeting the target. Odometer and MIL lagged 
by 300–400 ms and 300–700 ms, respectively, relative to 
command values, but these include controller and simu-
lated IP display delays. Standalone system response time 
will be separately verified.

Finally, definitions of reading success were set for each 
algorithm. For Circle Meter Recognition, success was 
defined as a difference of ≤2.5 km/h (half a scale) between 

command and measured values. For Numerical OCR and 
Pattern Matching, success was defined as matching com-
mand and measured values within the observed lag time. 
Based on these definitions, reading accuracy was 99.8% 
for Circle Meter Recognition, 97.7% for Numerical OCR, 
and 99.1% for Pattern Matching. The lower accuracy for 
Numerical OCR was attributed in part to difficult images 
(Table 2), and will be further investigated.

Figure 9   �Displayed value vs. recognized value of (a) odo-meter in time-series comparison and �  
(b) correlation plot.

Figure 11   �Displayed value vs. recognized value of (a) vehicle speed, (b) odo-meter and �  
(c) MIL in an enlarged time window

Figure 10   Displayed value vs. recognized value of (a) MIL in 1st cycle, (b) 2nd cycle and (c) 3rd cycle

Table 2   Fail case example in value recognition.

Displayed 
image

Demand 
value

Measured 
value Result

829 829 OK
830 880 NG
830 830 OK
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3-2 Additional Evaluation of Numerical OCR Mode

Among the three algorithms, only Numerical OCR uses 
machine learning, raising concerns about unexplained 
outputs for certain targets. This section reports robust-
ness tests using various numeric fonts from actual vehi-
cle IPs. From internal image data, 50 numeric samples 
from 13 vehicle models were selected, excluding images 
with severe tilt, distortion, or focus errors. Table 3 
shows sample images, their numeric values, measured 
results, and judgment. The model targeted only Arabic 
numerals; symbols like dots or colons were not included. 
When such symbols appeared, only the Arabic numerals 
were output, and all 50 samples produced the intended 
results. Conversion to physical values considering these 
symbols is assumed to be handled by higher-level systems.

4. Applications Integrated with Automated 
   Driving Systems

The Machine Vision System described in this report was 
developed with the aim of integration into test sequences 
involving ADS EVO. This section presents examples of 
ADS EVO-integrated applications for which proof-of-
concept (PoC) was conducted in HORIBA’s research and 
development.

4-1 �Gear Shift Indicator-Integrated Application

ADS EVO is capable of handling not only automatic trans-
mission vehicles but also manual transmission gear shift 
operations. Some vehicles are equipped with a gear shift 
support function known as the Gear Shift Indicator (GSI). 
GSI notifies the driver of the recommended gear via instru-
ment panel display according to driving conditions. UN 
Regulation No. 154 stipulates that, for electrified vehicles 
equipped with GSI, gear shifting must follow the recom-
mended gear display[13], making GSI-compliant driving 
essential for accurate measurement of fuel economy, 
energy consumption, and emissions. When using ADS 
EVO alone, instrument panel displays could not be read, so 
GSI-compliant driving required manual operation by the 
tester. This section introduces a case where automatic gear 
shifting was achieved by combining ADS EVO with the 
Machine Vision System to respond to GSI displays.

Figure 12 shows the operation method for the test vehi-
cle’s GSI. Moving the shift knob left from D allows 
upshifting/downshifting by moving it forward or back-
ward. In this state, ADS EVO performs gear shifts 
according to the instrument panel display.

Figure 13 shows the instrument panel display of the test 
vehicle. During GSI shifting, the current gear is displayed 

Table 3   Evaluation results of the font recognition test from various vehicle instrument panels.

Displayed 
image

Displayed 
value

Measured 
value Result

28384 28384 OK
35.3 353 OK

26250 26250 OK
289 289 OK
76 76 OK
23 23 OK

9:32 932 OK
23816 23816 OK
678 678 OK

16:14 1614 OK
24.7 247 OK

21458 21458 OK
19 19 OK
400 400 OK
14.0 140 OK

040599 40599 OK
16:10 1610 OK

16 16 OK
9348 9348 OK
432 432 OK
6.2 62 OK
25 25 OK
99 99 OK

37754 37754 OK
53365 53365 OK

Displayed 
image

Displayed 
value

Measured 
value Result

164 164 OK
65 65 OK

15:48 1548 OK
8 8 OK

14497 14497 OK
467.1 4671 OK

76 76 OK
16:07 1607 OK
16.0 160 OK

049348 49348 OK
267.2 2672 OK
68545 68545 OK
710 710 OK

373.7 3737 OK
7:59 759 OK
19.0 190 OK

37708 37708 OK
16:30 1630 OK

24 24 OK
29.7 297 OK
34 34 OK

27708 27708 OK
11:43 1143 OK
170 170 OK
23 23 OK
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(Figure 13a). As speed increases, a gear shift request 
symbol and recommended gear are displayed (Figure 13b).

The system shown in Figure 1 of Section 2-1 was used 
for testing. The Machine Vision System reads the current 
gear and gear shift request using pattern matching and the 
recommended gear using numerical OCR, transmitting 
results to STARS. Upon recognizing a gear shift request, 
STARS sends gear shift commands to ADS EVO to reach 
the recommended gear.

Using this method, acceleration to the highest gear (7th) 
and subsequent deceleration were performed. During 
acceleration, gear shift requests were displayed; during 
deceleration, the test vehicle automatically performed 
downshifting without displaying gear shift requests. For 
the shift from 1st to 2nd gear, gear shift requests were not 
displayed, so manual shifting was performed to avoid 
engine over-revving. Figure 14 shows vehicle speed, cur-
rent gear, recommended gear, and the gear shift command 
signals issued by STARS for the upshift section from 2nd 
to 7th gear. When a “M2▶️M4” gear shift request was dis-
played during 2nd gear driving, two consecutive shifts 
were performed to reach the recommended 4th gear. 
Subsequent recommended gears were displayed for each 
upshift, with correct shift operations executed accordingly. 

The time from recommended gear recognition by the 
Machine Vision System to gear shift command issuance 
by STARS was within 100 ms, confirming satisfactory 
system responsiveness. Future work will use this system 
for regulatory cycle driving in accordance with GSI 
displays.

4-2 �Adaptive Cruise Control Evaluation Application

Next, an application example of the Machine Vision 
System for evaluation of Advanced Driver Assistance 
Systems (ADAS) is presented. ADAS evaluations are typ-
ically conducted in real-world environments such as test 
courses, but laboratory-based evaluation methods have 
recently been studied [14]. This section reports results of 
laboratory evaluation of Adaptive Cruise Control (ACC), 
a key ADAS function, using ADS EVO and the Machine 
Vision System.

Figure 13   Meter display of (a) current gear and (b) gear number recommendation.

Figure 12   �Operational method of GSI shift in the test vehicle.

Figure 14   �(a) Vehicle speed profile and (b) transition of current gear, 
recommended gear and shift demand.
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ACC not only maintains constant vehicle speed but also 
uses sensors and cameras to recognize and follow a pre-
ceding vehicle. With full-speed-range following, no opera-
tion is needed from test initiation to stop. However, before 
starting ACC driving, settings such as ACC enable/disable 
state, maximum allowable speed (set speed), and following 
distance (set distance) must be configured. When stopping 
behind or restarting after the preceding vehicle, specific 
operations on the brake pedal or steering buttons are 
required, based on instrument panel displays. Without the 
Machine Vision System, these operations required tester 
intervention. Here, a case is introduced where pre-driving 
ACC settings and ACC-based driving were automated 
using ADS EVO and the Machine Vision System.

Figure 15 shows the instrument panel display of the test 
vehicle. Pressing the ACC enable button illuminates the 
ACC state; set speed and set distance are adjusted using 
buttons, with the value and arrow position changing 
accordingly. The test vehicle allows set distance adjust-
ment in five steps; “Short,” “Middle,” and “Long” refer to 
the shortest, middle, and longest settings, respectively.

Figure 16 shows the system configuration used for test-
ing. The Machine Vision System reads ACC state and set 
distance via pattern matching and set speed via numerical 
OCR, transmitting results to STARS. STARS continu-
ously recognizes current ACC state, set speed, and set 
distance, sending button operation commands to ADS 
EVO to match test conditions set by the tester. The test 
vehicle uses radar sensors for external recognition, and a 
radar target simulator was used to simulate preceding 
vehicle reflections. STARS calculates the relative relation-
ship between the test vehicle and preceding vehicle from 
the specified profile and test vehicle speed, sending this to 
the radar target simulator. These functions allow 
combination of Machine Vision System and ADS EVO 
operation sections with ACC-based driving, enabling the 

test vehicle to follow the preceding vehicle according to 
tester-specified conditions[15].

Using this system, speed and following distance were 
measured for different set distances, with the preceding 
vehicle profile set to WLTC. Figure 17 shows time-se-
ries changes in speed and following distance for the 
urban mode (Low phase) with frequent stop-and-go and 

Figure 17   �(a) Vehicle speed and (b) inter-vehicle distance at different 
set distances.

Figure 16   Test system diagram.

Figure 15   Meter display of ACC status, set speed and set distance.
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high ADS EVO operation frequency. In all set distances, 
the test vehicle followed the preceding vehicle’s speed, 
and following distance decreased in order “Long,” 
“Middle,” “Short” during both driving and stopping. 

The consistency between set and actual following dis-
tances confirms that set distances adjusted via the 
Machine Vision System were correctly reflected in the 
vehicle, validating the system.

5. Consideration of Efficiency

The system combining ADS EVO and the Machine Vision 
System described in Section 4 can potentially reduce 
tester workload and enable labor savings. However, 
preparation time for these devices must be considered 
when assessing the overall effect. This section provides a 
simple estimate of time savings when using ADS EVO 
and the Machine Vision System compared to manual 
operation. The estimate assumes a 30-minute test (WLTC 
equivalent), a 30-minute interval for data confirmation 
and adjustments, and seven tests conducted during an 
8-hour workday.

Table 4 shows the time required for system setup and 
cleanup, totaling 63 minutes. The system enables 210 
minutes of test driving without manual operation, yielding 
a net time saving of 147 minutes. This can contribute to 
reduced tester workload and improved productivity by 
reallocating time to other tasks.

6. Conclusion

This report presents a Machine Vision System that con-
verts vehicle instrument panel displays into numerical 
data via image analysis technology and integrates with 
proprietary test systems, covering the following points:

•	 Developed three reading algorithms and a UI for con-
figuring them to accommodate different instrument 
panel displays for each vehicle.

•	 Built a machine learning model specialized for 
numerical recognition to enable fast processing even 
with increased reading targets.

•	 Achieved high reading accuracy close to targets for all 
three algorithms and confirmed processing within the 
targeted time.

•	 Demonstrated that instrument panel displays related 
to GSI and ACC functions can trigger integrated test-
ing with ADS EVO.

•	 Confirmed, through work-time estimation including 
preparation and cleanup, that system operation con-
tributes to overall test efficiency.

These results indicate that the Machine Vision System is 
not merely a recording device, but an effective element for 
improving the efficiency of automotive testing. Future 
plans include productization and market introduction, 
with ongoing improvement of functions and performance 
based on market feedback. Specifically, efforts will focus 
on enhancing robustness for images with reduced visibil-
ity due to blur or distortion, developing outlier removal 
and correction functions, expanding algorithms, and 
strengthening configuration support features.

* �Editorial note: This content is based on HORIBA’s 
investigation at the year of publication unless otherwise 
stated.

Table 4   Classification of pre-test and post-test procedures for automated driving tests.

Main category Subcategory Time

Pre-test procedure ADS EVO installation   8 min

Camera installation   5 min

Test run for software configuration   5 min

Software configuration   5 min

Vehicle characteristic learning 25 min

Post-test procedure Disassemble / Removal of test equipment 15 min

Total time of pre-test and 
Post-test procedure ― 63 min
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