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ABSTRACT

For the 9000 train accidents reported each year in the &mognion [1], the Recording Strip (RS) and Filling-Card
(FC) related to the train activities represent the onlylesabidence for SNCF (the French railway operator) and ofost
National authorities. More precisely, the RS containsrinftion about the train journey, speed and related Driving
Events (DE) such as emergency brakes, while the FC drfasls on the departure/arrival stations. In this congext,
complete checking for 100% of the RS was recently vote#frbypch law enforcement authorities (instead of the 5%
currently performed), which raised the question of an autamatel efficient inspection of this huge amount of
recordings. To do so, we propose a machine vision prototgpestituted with cassettes receiving RS and FC to be
digitized. Then, a video analysis module firstly determihestype of RS among eight possible types; time/speegsur
are secondly extracted to estimate the covered distapeed and stops, while associated DE are finally etersing
convolution process. A detailed evaluation on 15 RS (8U6tnkters and 7000 DE) shows very good results (100% of
good detections for the type of band, only 0.28% of non detecfor the DE). An exhaustive evaluation on a panel of
about 100 RS constitutes the perspectives of the work.

Keywords: Machine vision, railway traffic, recording strip, perfance evaluation, segmentation, pattern matching,
cross-correlation, curve tracking.

1. INTRODUCTION

In the railway context, specific train monitoring paraanstare recorded thanks to a driving follow-up systehich can
be compared to flight recorders in planes. Nowadays, M@FStrains, there are two types of recorders: digitth
recorders providing numerical files, and paper recordemely “Teloc”, “Tachro” or “Atec”, providing rolled up
Recording Strips (RS, s&&gure t(a)) associated with filling-cards (FC, deigure t(b)). RS consist in graphic bands of
paper recorded by the system, while FC are filled byedsiand contain the list of successive journeys plotted dRShe
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(a) Part of a recorded strip (RS). (b) Filling card (FQ.
Figure 1: Examples of recording strip (a) and correponding filling-card (b).

When inspecting/checking such recordings, the only way t@eehi at this time is to do it manually. Two procedures
are currently used by operators: the complete checkinghioh each detail of the run is scrutinized, and the partia



checking which means that operators only pay attention toatmpl@nce of main security rules. Each month, 44000
recording strips are processed in these conditions, aathef five or six minutes per RS, by almost a hundred huma
operators in four centers in France.

In this context, the main goal of the concerned project §2joi convert these numerous RS into numerical data
comparable with data issued from digital recorders, by dpirgj an automatic reading system. Thus, each file regultin

from this digitization could undergo a complete checkingabgost-processing software, currently used to analyze
numerical recordings.

To do so, we propose an intelligent reading system whimeress chain and successive steps are summarigegirie 2

The paper is organized as follow: firstly, we will briefhtroduce the mechanical system designed to digitize thenBS a
the FC. Then we will describe in details the computer vipam related to the RS analysis (the FC analysis partwigic
based on optical character recognition will not be detdile). Finally, a complete evaluation is provided so as to
assess the performance of the system.
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Figure 2: Technical presentation of the system.

2. PRESENTATION OF THE MECHANICAL SYSTEM

In order to make the process fully automatic, a mac¥igien prototype has been developed (Ggere 3.
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a) Mechanical scheme of the system.

b) Optical acquisition system for RS.

Figure 3: Automatic RS reader prototype.

In order to cope with technical constraints such as pégiremess and weakness, the need to keep the RS/FC pair joi
during the process, or the ability to receive RS issued fidfarent speed recorders, dedicated cassettes were also
developed (seEigure 9.



(a) Cassette scheme. (b) Cassette with RS

Figure 4: Cassette used for RS/FC management.

The strip has to be introduced into the cass€itaire 4(b)) with its associated filling-card in the cap (keepthe pair
together) before being processed. So as to limit operabtesactions with the machine, the system is able ta phea
extremity of the bands and unwind them. Furthermore, spegial have been designed to keep RS intact despite their
weakness, and the machine mechanism is optimized in ordarotd the bands to be ripped while unwinding. The
system enables the loading of several tapes in a commgrar (see vertical department storeFigure 3(a)) where they

are stocked till they are read one by one by the vigystes. This video-based pafidure 3(b)) is made of a linear
camera (i.e. a camera that can only see one line) andesdar reading both sides of the associated fillingkcar

Once the RS and FC components have been processed by the ys$éon, she strip is rewound in order to allow an
operator to check it again if necessary. The operatofasapick up the recording strip and the filling-cardieh have
been analyzed and store them for further exploitation.

3. COMPUTER VISION PART: STRIP DATA EXTRACTION

The digitized RS is stored into successive images (2048x1024s)yixipending on the RS length, a complete
digitization can contain from 40 to 300 images. Images ateessively provided to the algorithm, considering an
overlap of 25 pixels between each frame, to avoid data loss.

In order to generate numerical data, different kinds @drimation need to be extracted from these images: speed,
distance covered by the train (computed using both time and B@eadation), stops (deduced from the speed curve)
and driving events. Next sub-sections present step-by{stegifferent image processing stages used to gertbratget

of information, from RS type detection to DE identification.

3.1 RS description

As shown inFigure 5 the RS is made of three distinct sections. Here exaarpt of an Atec280 strip; on the top of the
strip is the driving event part, here with 6 horizontal linestaining the driving events (Teloc and Tachro model used
only 3 lines). Below is the speed curve, varying in thiedaetween 0 and 280 km/h (that is why it is called 286y
Last, in the bottom part is located the time curvecilig a continuous and monotonous curve. The scale is refgése
by 10 minutes between the top and bottom position oféime The unwinding of the paper is proportional to the spéed
the train. When the train is stopped, the paper unwinds sldelyause nothing important happens, so the curve is
concentrated (indented feature on the time curvefigees 5. When the train is accelerating, the paper unwindskbyuic

SO we can get more detailed curves.
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Figure 5: Example of RS.
3.2 RS type detection

The characteristics of the recorded data (position of timespeed curves, higher speed and type of DE) depend on the
type of strip. For example, on a TELOC strip, the Died are located at the bottom, whereas they are dophaf the

strip for the other types. The first difficulty consistsrecognizing what kind of strip is analyzed in order t@rirthe
position of the different curves, the maximum speed andkiheé of DE to detect. One element can be used to
differentiate the 8 strips: the template of speed/times| Eight template images are then created, one ¢brtgpe of

strip, they represent in black/white the background of thgssts shown iFigure 6below.
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a) Atec280 RS and template b) Tachro216 RS and template ¢) Teloc150 RS and template
Figure 6: Example of templates and RS.

The image is firstly converted into a gray level ondpteebeing downsized. A cross-correlation [3] is therfquered
between the luminance image and each of the eight templaiesest score is kept to determine the type of strip.

The 8 templates are different enough to discriminate the ditféypes of strip. Here is a result of the cross-coiiaiat
for 3 different strips. The ratio is computed between thgimmam value obtained with each of the templates and with
the maximum theoretical value of the cross-correlation:

Table 1: Results of cross-correlation to find et of band

Template typ| Atec Atec Atec Atec | Tachro| Tachro| Teloc | Teloc

RS type 32C 28C 22C 15C 21¢€ 13C 18C 15C
Atec220 strip 0.46 0.45| 0.53 0.46 0.50 0.45 0.43 0.43
Tachro216 strip 0.57 0.57 0.57 0.58 0.72 0.64 0.54 0.58

Teloc150 strip 0.53 0.53 0.54 0.5¢ 0.6p 0.54 0.560.66




For each template, a reference xml file gives the gwsition of the min/max speed/time position in the template. T
best convolution gives the position of the template in tregenso we can crop the image into three sections seyggarati
time, speed and the DE, by simply using the reference vefuke xml file.

3.3 Segmentation of the image

The next step consists in extracting the relevant infoomadf these three sub-images, i.e. in a first tinssatiate the
curve from the background. As one can notic€igure &, the pen draws red curves on the paper. As a mattectpf fa
this color information will be used to segment the curves dso interesting to notice that background color can vary
from light grey to pink, which can make the backgroundfewextraction quite difficult. This segmentation is asieid
using the well-known k-means clustering algorithm [4]. A diiecblor space is created, mixing two components from
the HSV (Hue Saturation Value) and CIELab color spaedsch allows to efficiently extract the “red” color
information from the rest of the imagegure B andFigure © show an example of saturation and a* images, where only
the interesting curve appears. In our case, two cluaterased to perform the k-means classification in tévg space:
pixels belonging to the curve plot and background pixels.

(a) Original image. (b) Saturation image. (c) a*image.

Figure 7: Creation of the a*/s space.

As shown in the left images 6fgure § the developed segmentation performs a good separation beaheesurves and

the background of the image. Nevertheless, as highlighted nigtiteimages ofFigure § one important problem of the
segmentation is the presence of noise in the image. Indéwah bands are noisy, noise is segmented as well as the
interesting curves. This noise is due to previous manipalatidoands by human operators (the system is going to be
used on strips which do not have been manipulated), such noiayeR#®t supposed to be analyzed, or with very low
degree of noise.

Figure 8: Examples of image segmentation (top: speebottom: time, left: clean, right: noisy).



3.4 Time and speed curves tracking
Once the images are segmented, tracking of time ard $jg& be performed.

Before starting the tracking of the curves, the stapiogjtion of each curve has to be determined (as showigure 9
the curves do not start at the beginning of the strip)dd@ so, we use the driving events lines. In fact, the peheof
driving events starts drawing at the same time as thefpise other curves. So a Hough line detector [Sapiglied on
the DE part of the image. Once these lines are detectedearch the position of the first pixel of these livasich
gives us the horizontal starting position of the curveshasn in therigure 9below.
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Figure 9: Way to find the beginning of the curves.

Then, once the beginning of each curve has been detectagiagites of speed and time are recovered step by step by
determining the position of the curves on arc of circldlastiated below.
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Figure 10: lllustration of speed curve tracking.

In order to simplify the tracking and to avoid error$,aakilable a priori information is used to constrain tlaeking.

For example, tracking is forced to go forward; in feas, the paper is unwinding with time, the curve cannot go
backward. Another constraint consists in breaking up the grapmefinto sections (red separationgigure 11below)
where variations are strictly monotonous, corresponding to segnoé 10 minutes As for the graph of speed, it is
processed by sections delimited by two consecutivessaéspit can be seen @iigure 12 This cutting improves the
robustness. In fact, it forces the tracking to follow turve at the bottom, and so avoids missing stops, which are of
primary importance for the creation of the numerical file

Figure 11: lllustration of time sections created tasimplify the tracking process



Figure 12: lllustration of speed sections createdtsimplify the tracking process

An important problem emerges during curve tracking wheal@ &ppears in the binary image. Holes can appear at two
different stages: during the writing of the data due tovegil environment and disturbances (the pen may sometimes
leave the paper due to vibrations), or during the segmentatbmess due to low contrast. The tracking is perfdrore

the binary labeled image as shown in #igure 13 To go from one position to the next one (with the arcimfec
method), the label should be the same. When a hole apipetive curve and when the tracking has no solution on the
same label, the algorithm is allowed to jump over the holgearching the nearest point with a different label in the
direction of tracking. As illustrated irigure 13 when the tracking reaches the end of the label in purplé {&nps to

the blue (2), tracks, then jumps to the green (3), etc.
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Figure 13: How the algorithm can jump a hole in thetracking

Time and speed curve tracking provides important informdtothe creation of the numerical file, like stop positions,
speed of the train during the different journeys. To cetepthis information, DE need to be analyzed and extracted.

3.5 Driving events extraction

Driving events represent an action of the driver, or pageon precise equipment of the train, like push on a button,
emergency brakes. They have to be extracted from tha Br8ér to be encoded in the numerical file.

The DE extraction is decomposed into 4 steps as showiyae 14
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Figure 14 : Steps of the DE extraction

Image pre-processing

The first step for the DE extraction is to improve thet@ast/quality of the DE images. Consequently, a dilatadiuh a
contrast enhancement processes are performed. Origineésuiting images are presentedrigure 15



Figure 15: Preprocessing for DE extraction.

Cross- correlation with templates

Regarding the different features we have to extractdsigm and down to simplify), feature matching reveals to lee on
well-suited method [3]. We have thus defined 3 differeamnplates (seeFigure 16§, which represent, by linear
combination, all the possible events to detect.

Cross-correlation is performed between the enhanced
image and the three defined templates. Results are three
images representing the vertical and horizontal feature

enhanced, i.e. the driving events. ] )
Figure 16 : Templates for feature detection

Selection of possible events

Based on the three cross-correlation results, we sbkegiossible events by joining three criteria:
Point has to be located near one of the 3/6 horizonta iimerder to exclude noise far from the DE lines.

The value of the convolution with one of the vertical teatgland with the horizontal template should be above a
defined threshold. The idea of this criterion is to cha¥égh enough threshold to avoid the noise but low enough
in order to keep events with low contrast. We prefer keepesuoise and blots which will be filtered afterwards
instead of loosing events.

The last criterion is based on the configuration of thenevAs shown below, different valid/non-valid
configurations for an event to be detected are defined:
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Figure 17 : Top row: valid configurations for the DE. Bottom row: invalid configurations

To find the configuration of the event, the idea is to
check around the event position (red cross) the
number and position of horizontal lines on the
horizontal convolution result, as shown Bigure

18. Then we can classify the type of configuration

as right or wrong, and so keep the event or not. Figure 18 : Left: wrong conﬂ_guratlon. Right: right
configuration




Filtering with height and width criterions

This width/height filtering step is performed in order tonagss false detections kept from the first step ofptiogess.

In fact, among background points, some give high value of-carsslation and have been kept as possible DE. This
step will sort all these possible events and filter thenording width and height criteria.

The first assumption here is that an event is only few piwédith on its whole height. More precisely, the process go
through the height of the event and for each position, contpateéght and left gradient to find the edge of the event,
thus allowing to estimate the width of the peak along itshtelfithe width is constant along the peak, then thatgsi
kept.

The second criterion filters on the height of the signal. Heaximate height of the signal is computed and compared
to the theoretical height of the event (predefined for égoh of strip). If the signal is too high or not enough higls
removed from the possible events list.

To sum up, thanks to templates of patterns, the seqoédcing events can first be roughly estimated and tHeardd
in a finer way using filters to check their characterssigidth, height, shape, contrast, dispersion).

4. PERFORMANCE EVALUATION

A good image processing system is not complete if ibissmaluated, this section presents an evaluation gfrdpgosed
system on 15 RS (around 8000 kilometers and 7000 DE).

In order to estimate the performance of the differentgssing bricks of the system, a Graphical User Irder(&UI)
has been developed to compute performance statistics aedites results in a user-friendly way (see Figure 19).

In this GUI, the RS is enriched with colour informattorhighlight the processing result; tracking result ofsbeed are
presented in blue, tracking result of time in red, dese®f DE in yellow and stops also in red (stops are hotvs here

to limit figure overload). This GUI also aims at cregtithe Ground Truth (GT) of the RS, including: speed, tiDte,
and stops. Both GT and generated results are then usedlt@tevthe performance of the different processing bricks
using the method described in [6].

Figure 19: Graphic User Interface (GUI) for resultscontrol

The evaluation has been done on a dataset of 15 RS, repreF®MNDE and nearly 8000 km covered. This evaluation
dataset is representative of usual train activities {dbwg journeys, few/numerous stops, ...); note that ABERsS are
underrepresented because most of them have very low ¢ahiea® paper quality.



First, we present the results for the type of band detecTioam.evaluation is simply done by comparing the bapé t
recognized by the algorithm to the GT.

Table 2: Results for the band type detection.

Type of the RS| Number of RS| Number of right band type detection
Tachro 216 6 6

Tachro 130 2 2

Atec 320 2 2

Atec 220 1 1

Teloc 180 1 1

Teloc 150 3 3

Total 15 15  100%

The method for the band type detection gives very goodtse3iile method is robust and works for all type of band.

Then the results for the DE detection are evaluated, tisesngdapted Viterbi method described in [6]. Table 3 presents
corresponding evaluation results.

Table 3: Results of the DE detection.

Type of the RS Number of RS| Number of km | Number Number of non detections | Number of false detectiorjs

of DE Contrast problem Others Noise Others

Tachro 216 6 4528,37 4193 0 7 14 2
Tachro 130 2 679,64 636 0 0 0 0
Atec 320 2 1267,62 582 7 2 6 1
Atec 220 1 509,91 269 0 0 1 0
Teloc 180 1 497,86 460 0 2 9 0
Teloc 150 3 1281,3 786 0 2 12 1

Total 15 8764,7km 6926 7 (0.10%) 13(0.18%) 42 4

Total 15 8764,7 Km 6926 20 (0.28%) 5,2 for 1000 km

The detection of DE also gives good results in terms of ntatiilens rate. The number of false detection is high bsit thi
is mainly due to noise in the images. The RS which will begssed by the system will not have so much noise as
explained before, we can imagine that the number of fddsections will be around 2,5 for 1000km, which seems

acceptable from the end-user point of view.

Last, we perform the evaluation of the detection of stopkdarRiS. Stop is defined when the speed is above 1km/h and
decrease under 1km/h. The evaluation is done on another par@RS than the DE. The results are presented in the

table below:
Table 4: Results of the stop detection

Type of RS | Number of RfNumber of kmgNumber of stop&Number of non detectionfNumber of false detections
TACHRO_21§ 7 3627 201 4 10
TACHRO_13( 2 1206.25 702 4 0

TELOC_180 1 119 14 0

TELOC_150 6 2262 231 5 12

total 16 7214.25 1148 13(1.2%) 22(3.04 for 1000km)




The results for the stop detection are quite good. Nontiteie@re mainly due to noise which deviates the speem cur
from the original curve. As for false detections, they aaéniy due to oscillations of the curve around zero, whigh ca
be solved by filtering the data and merging stops lesardithan 50m.

This first evaluation gives promising results in terms of @& action and stops detection. In a user point of view, the
number of false and non-detections are quite acceptable.

5. CONCLUSION

The automatic reader of recording strips is an innovatiogotype which enables to automatically process Recording
Strips and Filling-Cards in a joint way, whereas thoskgare currently manually performed by human operators.

As the aim of the project is to fully check all recordingsqaickly as possible, the whole system has been designed in
order to improve the processing time. Indeed, loading tigsstnd the filling-cards in the cassettes has been negle v
easy, and loading several tapes in the storage camgratrbf the automatic reader allows the operator to wenk fast.

The computer vision algorithms developed for the automatiogrétion of data from the strips using state of the art
technology proves to be efficient on a small but reptasier panel of strips. Obtained results are very promisiime
detection of the type of band gives 100% good results. @uingethe DE and stops extraction, the number of false/non
detections may be improved.

Future work will consist in performing tests on a larganel of around 100 RS to mainly fix remaining bugs and affine
DE and stops extraction. And finally, an evaluation eftlistem by the railway staff will be the next step tduata the
robustness and performances of the global system.
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