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Abstract—Checking railway status is critical to guarantee approaches do not permit any direct and detailed monitoring of
high operating safety, proper maintenance schedule, and low the surface conditions of the railways track in order to observe
maintenance and operating costs. This operation consists of the local wear.

analysis of the ra}i! profile andllevel as well as overall geometry qnd To detect the track profile by means of tactile techniques me-
ondulation. Traditional detection systems are based on mechanical . . ) - e

devices in contact with the track. Innovative approaches are based chanical devices in contact with the track are traditionally used.
on laser scanning and image analysis. This paper presents anThe main characteristics of the profile are observed indirectly
efficient composite technique for track profile extraction with  through the analysis of the position of suited leverages. This
real-time image processing. High throughput is obtained by algo- 55hr0ach has several practical problems. Accuracy and com-
rithmic prefiltering to restrict the image area containing the track . . .
profile, while high accuracy is achieved by neural reconstruction pleteness of p_roflle reconstruction may be not accurate since
of the profile itself. the contact point between the mechanical sensor and the track
may be large and restricted to a specific area of the track. Be-
sides, components are subject to wear and difficulties in passing
joint point areas. On the other hand, acceptable operation quality
needs dedicated rail carriages running at low speed. The above

. INTRODUCTION characteristics induce high costs of acquisition and operation

AFETY in railways and tramways is one of the key issues &f the track monitoring system. Moreover, only part of the track
ublic transportation companies. The state of the tracksRarameters (namely, geometry and ondulation) can be observed,
relevant in this perspective, in particular when high-speed traif¥§ile the most important ones (namely, profile and level of the
are envisioned. Frequent monitoring of the tracks is therefofgar of the track) cannot be measured.
critical to plan proper and cost-effective maintenance. Detec-An experimental system available on the market was realized
tion of wear and deformation of tracks at an early stage alloRy¥ Using laser technologies to replace the tactile sensors. Rele-
for better scheduling of the maintenance, avoiding the need\@nce of this technique is wear avoidance due to lack of physical
immediate action when dangerous conditions are observed. &AgDtact between moving components. This solution detects only
vance maintenance planning reduces also costs since the limfft&jtrack surface in eight points with an insufficient accuracy for
human and equipment resources can be better used. Beside<£al¢y global detection of incipient deformations. Besides, detec-
curate maintenance decreases the acoustic pollution due to ¥#a0f complex profiles (e.g., grooved track) is not allowed and
coupling between wheel and track: this is relevant especiafiynechanical truing system is required to align lasers.
within the town borders. An approach based on genetic tech-We considered an innovative approach based on image anal-
niques was proposed to plan the maintenance of railway tradléds and processing to reconstruct the whole track profile. The
[1]. A multirobot system was realized to perform simple autdMage is generated by lighting the track with a laser beam and
matic maintenance actions on tracks (e.g., detecting and loggduired by a CCD camera. Since no contact between the moni-
ening of bolts in sleepers, and feeding and fastening faste#@ing system and the tracks is required, no wear occurs and the
assembly) [2]. speed of the rail carriage can be higher. Carriage speed is lim-
As real-time inspection at macroscopic level is concerned, ti@d only by the real-time processing ability of the monitoring
railway track geometry was measured by detecting vertical apgstem. Due to the amount of information to be processed, a
horizontal accelerations, vertical irregularities of the rails, arftigh-performance architecture is needed for real-time analysis
cant (real altitude difference between the two rail running su#ince itis not possible to store all images and process them off
faces) [3]. Similarly, a compensated accelerometer was usedif§- Pipelining and parallelism allow higher performance when
observe the superelevation (crosslevel) on curves, by analyz#§gy high operating speed is required. Differences between re-
the deviation of the actual geometry from the ideal one due §§nstructed and reference profiles point out the track defor-

repeated loading on the ballast [4]. Unfortunately, these inert@Ations. High-level image analysis avoids the need for contin-
uous and accurate alignment of the monitoring system with the

track since the image processing method can be designed to be
Manuscript received May 26, 1999; revised January 5, 2000. self-aligning. Some companies performed partial experiments
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Fig. 1. Detection system.

identify the strip—in the whole image—in which the track pro-
file lays and a neural processing for fine profile reconstruction
within such a strip. The system was tested on stillimages. Fig. 2. CCD images: (a) ideal and (b) real.

Il. THE COMPOSITEDETECTION SYSTEM In each column of the image localizing the position of the

The detection system consists of a laser source, whose bet(r'ﬁﬁk profile means to find the position of the maximum laser

is collimated by a suited optic lens into a light plane, 1@ x reflection intensity. In the ideal case the intensity distribution

512-pixel CCD cameras for complete optimum observation aflong the column is Gaussian. Localizing the maximum implies

- : ct)herefore detecting the position of the expected Gaussian profile
the track, a digital processing system per camera, and a supe[h the maximum likelihood
vision system (Fig. 1). Wi Ximum et '

The laser beam focused by the cylindrical lens as a thin plfﬁwe-ro t.ackle th!s app_hgatmn, we tested bOth. traqmonal filtering
¢ gchmques with minimum-square approximation and neural

track surface. The intersection of the plane is therefore the tra}rg: two_rk tec_:_hnlques. In Fhe first case, resl_JIts were _qwte_poor due
he inability of capturing all nonlinearities and distortions. In

profile (in the laser beam plane it is a two-dimensional "n‘i e second case, the number of pixels to be processed in each
which is observed by the CCD cameras. Each digital processm(%umn and the \,/ariety of the possible maximum light profile

system performs real-time profile filtering and extraction (in & . e
CCD camera geometrical coordinates) by using a composite §§smons led to large inaccurate networks, that are also difficult

proach from images of the corresponding CCD camera. The train.

L o It is worth noting that highly approximate localization of the
pervision system collects the partial views of the track, recon- : . : . o
. . area of interest in each image is quite trivial for the human ob-
structs the whole profile in the real-world geometrical coordi-

. - - . rver, even without experience (see Figs. 2 and 3). Track profile
nate_s, |Qent|f|es and_ stores the deforme_d profiles. Real-time calization does not nged to tak(e into gccount all)details ?n the
eration is needed since 200 track sections per second musW %Ie column, but only the area around the maximum lighting

captured and processed to guarantee a sufficient accuracy oféi)((a— ' '

formation localization. The resulting bit-rate is 1.7 Gbit/s. The penments have shpwn that no |nform'at|0n (?Ut (.)f a'40-p|xel
detection system is conceived for on-board operation on a rStr—Ip centered approximately on the maximum lighting is neces-

€ . h ) i
: . . . . s%ry for accurate reconstruction of the track profile. Besides, this
ular train, even if—at the moment—it was tested with still car= . .
riages only. area of interest corresponds approximately to the zone around

Each CCD camera of the detection system should ideally prth-en hblgheeassti-lln:‘iﬁiléybG?g:?tﬁnirrl)rotf;:g Irg;?fmcuorlr:]?or;.r;;ggnag?a
duce an image such as the one shown in Fig. 2(a), in whi Y y ying

the thickness of the laser plane is infinitesimal and no noise e light profile with the Gaussian reference: correlation can be

X e L éﬁectively used. Finer localization of the maximum must deal
present. In the real case identification of the profile is made com- . . ) o

. X . with all nonlinearities presented above, which are difficult to be
plex by the presence of noise and environmental dlsturban%est red alaorithmically while thev are easily described by ex-
that modify the ideal profile. Real images (e.g., Fig. 2(b) ang?np lIJes In t?w IIiteraLturé/ Vr;IeLraI ngtworks wle);e rovled effgctii(/e
Fig.3) are affected by environmental light, multiple reflectionsf ; E[)his i(ind of task ' P

track oxidation, greasy track, speckle effect due to track roug “Our approach is therefommpositesince it exploits the best

ness, noninfinitesimal thickness of the laser plane scanning the . L
: . ; . eatures and performance of both of these techniques within
track, optic aberrations, CCD sensor saturation, and image q|s-. ~. .~ o e T
eir individual application limits. Algorithmic filtering by

tortions due to vibrations, orrelation is used to center the attention on the 40-pixel strip
The roughly approximate position of the profile in the lmagﬁ:ig. 4(a)], while the neural network performs the fine track

is knowna priori since the laser and the cameras are still wi : o . )

the rail carriage. Besides, the profile is approximately lying iHroﬂIe localization at subpixel accuracy [Fig. 4(b)].
a linear direction, i.e., cutting the image in stripes. Only one
point of the profile belongs to each stripe. This characteristic
allows for parallel processing since each stripe can be analyzedidentification of the region containing the track profile drawn
independently to reach 10 ms image processing time withdy laser reflection within an image column is obtained by con-
affecting the profile accuracy. volving the pixel intensity with a Gaussian distribution [5]. The

Ill. THE ALGORITHMIC PREFILTERING
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300 IV. THE NEURAL PROFILE RECONSTRUCTION
50 2 o0 The fine profile reconstruction is obtained by a more accurate
100 é (@ analysis of the area of interest identified by the algorithmic pre-
;gg T ol filtering. In each image column the neural approach identifies
5 T the position of the maximum of the Gaussian distribution in the
100 200 300 400 40-pixel strip by minimizing the difference between the theoret-
o 0 5 3 ical Gaussian aqd the actual pr_qfilgs. Separating the prefiltering
column phase from the fine neural positioning allows for separating the

accuracy of reconstruction in the neural computation from the
accuracy in windowing the area of interest. The profile is in fact

a0 reconstructed by adding the very accurate distance (measured
MWW ®) with sub-pixel accuracy) of the maximum value from the bottom

of the analyzed column in the strip to the distance (measured in

100
100

200
300

intensity

400 70 pixels) of the bottom itself from the base of the whole image.
N a0 mn 60 The overall accuracy is therefore related only to the accuracy of
D 200 400 600 the neural reconstruction. The accuracy of the prefiltering (typ-
column ically about two pixels in our approach) is useful to center the
300 Gaussian profile approximately in the middle of the strip so that
~ I ” the neural reconstruction can focus its abilities mainly on the
SU R 2200 w_\“w “.} central area of the strip to achieve very high accuracy efficiently.
wop g ,J © The neural network that was shown effective for the envi-
_— T f sioned application is the Radial Basis Function (RBF) network
. . [6]. This kind of network is well suited to interpolate multi-vari-
0= 50 100 150 200 250 0 able functions, i.e., to approximate filtering functions by ex-
0 100 200 ploiting its generalization ability [7], [8]. Restoration of nonlin-

column early-degraded images by means of RBF networks was shown

Fig. 3. Typical disturbances: (a) saturation, (b) low intensity, and (cf)eas”)Ie in [9].
environmental reflections. The observed images are on the left, typical light An RBF network has a three-layered feed-forward topology.
intensities along image columns are on the right. Input neurons are used to distribute the input values to all sub-
sequent neurons. Each hidden neuron generates its output by
convolution is repeated by positioning the maximum value @pPplying a radial function (typically a Gaussian function) to the
the Gaussian profile in each pixel of the column. The maximugifference between the input vector and the centers’ vector. The
value of the convolution corresponds to the position in whicdutput neuron computes the weighted sum of the hidden neu-
the light intensity is more similar to the expected Gaussian di®ns’ outputs, possibly with a threshold. The number of hidden
tribution. To reduce the computational complexity the convolipeurons and the centers can be determined from the analysis of
tion can be performed every few pixel positions instead of eveifje data available for training. A minimum-square algorithm is
pixel. used to identify the weights.

Accuracy of the identification of the area of interest may In our application, the input layer is composed of 40 inputs
be reduced by the presence of noise in the input image. Simesresponding to the 40 pixels of the image strip. Each input
the laser reflection has usually intensity definitely greater thamlue is the intensity of the light collected by the corresponding
noise, the Gaussian profile is likely understandable. Problef@€D pixel. Experimentally, six Gaussian neurons were shown
are actually due to modification in the Gaussian amplitude (reufficient for the hidden layer to achieve the desired accuracy.
lated inaccuracies in the lens and focusing as well as to t@e linear output neuron is used. To achieve an error goal equal
real thickness of the laser plane), to track reflectivity variatiorie 1072, the training set was composed of 50 input vectors. The
leading to CCD saturation, and to system oscillations due to rti#ining set must contain enough examples to allow the net-
carriage motion. External sources of errors are the possible werk to capture the desired behavior. We do not need to use all
flections of environmental lights. In Fig. 5, some typical lightolumns in animage since the light reflection changes gradually
distributions are shown. along the track profile. The generalization ability allows the net-

The column analysis may have difficulties to discriminate/ork to operate correctly even for reflections never previously
a Gaussian distribution from a saturation border. An effectigeen. Conversely, if we sample the columns only in one part of
solution consists of applying the convolution to the derivativiéie image, reconstruction will be accurate only in the portion
both of the light intensity distribution and the Gaussian functiotearned during training and may become very poor elsewhere
Even in the presence of strong external light leading to satutkig. 7(a) and (b)]. If samples are uniformly taken along the pro-
tion, this approach maximizes the correlation in corresponderfide, the network achieves a uniformly high accuracy [Fig. 7(c)]:
of the Gaussian laser reflection only (Fig. 6). This approachtise standard deviation is 0.1 pixel.
successful also if the Gaussian profile is very near to the satu-The robustness of the neural reconstruction with respect to
ration region. variation of the reflection is critical for high accuracy. For ex-
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Fig. 4. Composite processing approach: (a) algorithmic filtering, and (b) neural processing.
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ample, as shown in Fig. 7, 40% variation of the reflection width Column

makes the accuracy jump from 0.1 to over 2 p_ixels. To Cf?é}i%_ 7. Learning error: (a) the training image, (b) nonuniform sampling, and
a robust network, we studied the effects of varying the applic@&) uniform sampling.

tion parameters (e.g., shape of the reflection, saturation index,
and noise) on synthetic images. Fig. 8 reports the percentag@o harden the network with respect to variation of the re-
ability of successful identification of the profile with the specflection shape, for each expected position of the profile we in-
ified accuracy. In the absence of noise, the deformation of thieide several sample vectors corresponding to Gaussian pro-
light width that the network is able to tolerate even if not presefites having different widths. Since the nonsaturated laser reflec-
in the training set ranges between 0.8 and 1.4, i.e., the netwtida is 5 pixels wide, we added reflections 4-pixels and 6-pixels
tolerates better width enlargement. The behavior is similar alséde. To avoid unnecessary generation of large networks, the
in the presence of noise. To balance this behavior, we suggeaining set is created without changing the total number of vec-
to introduce some reflections with width slightly smaller (e.gtprs: we uniformly extract samples from the set composed of
0.9) than the expected one in the training set to enhance the genofiles having all considered widths. Fig. 9 shows that this
eralization ability symmetrically. approach enlarges the correct recognition region: from 4 to 6
Adding noise to the training set decreases the generalizatfuirels. The correct recognition is now at least 90% even in the
ability of the network. The network recognizes well only th@resence of small noise. The network is also able to identify
vectors very similar to the ones used in training. To deal wifbrofiles with deformation index equal to 1.5, i.e., a Gaussian re-
noise and accuracy contemporaneously, the training set mustlbetion profile 7.5-pixel wide even if it was never seen. This
created in a different way. behavior holds for a noise deviation up to four pixels, which is
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05 : the number of neurons required to perform identification.
0, " p = 0 =0 e while the absolute minimum is at 230. Even if they are not so dif-
2 3

ferent for noise-free input vectors, the error deviation obtained
in the case of noisy inputs having 5-pixel deviation becomes
0.198 and 0.204 pixel, respectively. Therefore, the maximum
generalization does not coincide with the absolute minimum
%;ror deviation versus. the spread. We experimentally observed

relevant even in the real images. Higher generalization abili t th i | ds to the mini hed
and noise immunity without increasing (sometimes even d al INe oplimum value corresponcs 1o the minimum reache
thout discontinuities (i.e., 180 in the example).

creasing) the number of neurons can be achieved with the %
proach described above by increasing the number of different
widths. The effectiveness of this constructive technique for the
training set can be also observed in Fig. 10 as higher insensiAn innovative approach to track profile measurement is
tivity to laser width variation and to noise is concerned. presented. A real-time image-processing-based technique was
The generalization ability and the accuracy are also affectadopted to reconstruct and measure the profile by analyzing a
by the spread of the radial function, i.e., of the width at halaser-scanned CCD-camera image. A prototype of the detection
height. In Fig. 11, the error deviation and the number of netechnology was tested for more than one year in the Milan un-
rons are reported for different values of spread, in the casedsrground, while the reconstruction technique was verified on
40 noise-free validation vectors applied at the end of learnirgimulated and real images. An accuracy of the same magnitude
The first relative minimum value of the error deviation is at 18@f the track roughness was achieved with a still monitoring

Noise deviation i pixel

Fig. 9. Hardening the training set for laser reflection width.

V. CONCLUSION
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system: typical resolution is 2pm. Similar results are also Ettore Casagrandeestablished Tecnogamma s.a.s., Italy, a high-technology

expected for the system on board of a moving rail carriaggmpany specializing in advanced optoelectronics and related innovative in-
Si lati f d imic liah flecti d hdustrial applications (e.g., quality and dimensional control for steel industry and
Imulations were performed to mimic light reflections and t t%ilwaytransportation), in 1982. In 1997, Tecnogamma was recognized as “a re-

damped small low-frequency oscillations that are typical @karch laboratory” by the Italian Ministry of University and Scientific Research.

the moving carriages: results are still attractive and show tHe has had many industrial research collaborations with electronics and mathe-
. . . matics departments of various Italian and European universities, and is involved

efficiency and the effectiveness of the proposed approach i emational projects funded by the European Union.

more extensive on-field experimentation is required to verify

the real effects and interference of external light conditions,

reflection, and vibrations as well as to certify the accuracy of Fabio Scotti received the Dr. Ing. degree in

the measurement system. electronic engineering in 1998 from Politecnico di

Milano, Milano, Italy, where he is currently pursuing

the Ph.D. degree. His research interests include

signal and image processing, neural technologies for
i image processing, and optical technologies.
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