
O�-line Handwritten Numeral String Recognitionby Combining Segmentation-based andSegmentation-free MethodsThien M. HA, Matthias ZIMMERMANN, and Horst BUNKEUniversity of BerneInstitut f�ur Informatik und Angewandte MathematikNeuebr�uckstr. 10, CH-3012 Berne, SwitzerlandE-Mail: haminh@iam.unibe.chAbstractWe propose an o�-line system for the recognition of handwritten numeral strings. The system isbuilt upon a number of components for presegmentation, digit detection, isolated digit recognition,segmentation-free recognition of numeral strings and global decision making. Presegmentationconsists in dividing the input numeral string image into groups of numerals, each of which re-presents an arbitrary number of numerals. For each group, the actual number of numerals andtheir identity are determined by a cascade of two recognition methods: the �rst is for isolatednumerals, while the second is a segmentation-free method that is able to recognize a numeralgroup of any length. In the global decision module all results from both the digit detection andthe segmentation-free module are merged together and an accept/reject decision is made. Wealso introduce the concept of dummy symbol in order to overcome the problem of noisy parts thatcannot be eliminated by standard �ltering algorithms. Comprehensive experiments on data fromboth the CEDAR and NIST SD3 database have been carried out. Recognition rates of 83.6%



(CEDAR) and 92.7% (NIST) at the string level were achieved. These results compare favorablyto other published methods.Key Words: Handwritten Numeral String, Segmentation-Based Recognition, Segmentation-Free Recognition, Isolated Numeral Recognition, Dummy Symbol, Accept/Reject Decision.1 IntroductionAutomatic character recognition is a sub�eld of pattern recognition and can either be on-lineor o�-line. On-line recognition refers to those systems where the data to be recognized is inputthrough a tablet digitizer, which acquires the position of the pen tip as the user writes in real-time.In contrast, o�-line systems input the data from a document through an acquisition device, suchas a scanner or a camera. O�-line character recognition is moreover divided into two categories,namely, machine-printed and handwritten. This paper is concerned with one particular problemin o�-line handwriting recognition, namely, the recognition of sequences of digits where individualdigits may touch or overlap each other. Such sequences are usually produced in unconstrained,i.e. `natural', handwriting.O�-line handwritten numeral string recognition has been a topic of intensive research inrecent years due to its large number of potential applications. Indeed, it is present in almostevery application involving handwriting recognition, for instance, postal address, check, and taxform reading. In such environments, a numeral string can be written in printed, cursive, ormixed style. The recognition of numeral strings di�ers from that of isolated numerals because itrequires the segmentation of a string into separate entities representing individual numerals. Itis also di�erent from the problem of recognizing cursively handwritten words from a dictionaryin the sense that virtually no context is available, i.e., any numeral can follow any other one.Segmentation of numeral string is generally a di�cult task because individual numerals in a stringcan overlap or touch each other, or a numeral can be broken into several parts. For examplethe horizontal bar of the numeral 5 may be separated from the rest. Many methods have beenproposed to tackle these problems. They can be classi�ed into two approaches, namely, discreteand continuous. See [3] for a recent survey. 2



In the discrete approach, which includes both segmentation-based and segmentation-free me-thods, the numeral isolation (separation) takes place at a number of points where the imageexhibits some special characteristics. For instance, the analysis of the vertical projection of blackpixels provides a simple (but not always correct or su�cient) way to segment the input string intonumerals or groups of numerals. Other special characteristics are line end-points, crossings, andT-joints [21]. For segmentation-based methods, these special points are carefully chosen so thatthey provide correct cuttings of the input image without wrongly splitting any numeral acrossits body. This task is di�cult and has been shown to be unreliable [6]. The segmentation-freemethods remedy these problems [21], [6]. Each split is validated by submitting its left- and right-part to an isolated recognition system. The resulting con�dences are then used as a measurementof the likelihood of the split being correct. Thus, all potential splitting points are examined andthe system chooses the subset to be the �nal result that maximizes a global likelihood. Usually,the maximization is achieved by dynamic programming [8], a statistical formalism [9], or graphsearch [21], [10]. See also [11], [12] for other implementation versions.In the continuous approach, a sliding window scans the input image from left to right. Eachposition of the window de�nes a sub-image which is extracted and analyzed. Since it is generallyimpossible to have a window width that �ts all individual numerals in a string, some mechanismmust be provided to handle this variability. For instance, the window width is chosen to beroughly two times the average width of the individual numerals so as to be almost certain thatit covers any numeral in a string at least once through the scanning [13]. Another methodconsists in using a recurrent neural network (a general architecture that includes time-delayneural networks) to encode information between neighboring vertical strips (thin vertical slidingwindows) [14]. Other similar mechanisms have also been used [15], [16].At present time it is not clear which approach, discrete or continuous, is better. Interestinglyenough, most discrete methods report their results using the CEDAR database [25] whereas thecontinuous methods tend to use the NIST database [29] (see Figs. 1 and 2). The former containstotally unconstrained data collected from live mail whereas the latter contains slightly constraineddata (the writers were requested to write the numeral strings in preprinted boxes). There seemsto be a strong correlation between data and methods.3



Figure 1: Numeral String Samples from CEDAR DatabaseFigure 2: Numeral String Samples from NIST SD3 DatabaseThe system presented in this paper is based on the discrete approach, but we will present ourresults on both the CEDAR and NIST databases, thus providing a �rst cross-validation. Thesystem architecture appropriately combines segmentation-based and segmentation-free methods.This combination takes advantages of one method to compensate for the drawbacks of the other,and vice versa.Section 2 gives an overview of the recognition system, Sections 3 to 6 describe its modules,experiments are reported in Section 7, discussion and comparisons is presented in Section 8 andthe paper is concluded in Section 9.2 System OverviewThe simplest methods in the discrete approach are segmentation-based, where �rst the string issegmented into entities susceptible to represent individual numerals, and then each entity is fedinto an isolated numeral recognizer. Several segmentation methods have been proposed, rangingfrom the simple connected component analysis to sophisticated schemes combining di�erenttechniques. For instance, [6] uses upper/lower contours and heuristics to perform segmentationand [1] makes use of both contour and skeleton. See also [7], [20] for other methods. All thesemethods may be characterized as 'blind' segmentation, since they do not explicitly take intoaccount the particular set of underlying symbols to determine potential break points.More sophisticated discrete methods are segmentation-free in that candidate breaks are cho-4



sen at the elementary stroke level, and each candidate is validated by an isolated numeralrecognizer[21], [22]. In other words, each candidate breaking point is checked to see whetherit is meaningful with respect to the set of underlying symbols (numerals) when combined withneighboring strokes. Therefore the choice is more rational than in the segmentation-free methodswhere heuristics prevail, at the price of a higher computational complexity, however. Another im-portant drawback of the segmentation-free methods is that the segmentation error rate increasesvery fast with the number of numerals composing the whole string [21].The method adopted in this paper belongs to a third category where both segmentation-basedand segmentation-free methods are used [23], [24]. Similarities and di�erences w.r.t. previousworks will be cited at appropriate places. The basic idea of our method consists in alleviatingthe importance of heuristics in the segmentation-based methods by means of a segmentation-freemethod while avoiding the main drawbacks of the latter, namely, its fast-dropping segmentationrate and its excessive computational burden for long numeral strings. More precisely, our systemis composed of a cascade of two methods, the �rst { called presegmentation in the following{ is segmentation-based, whereas the second is segmentation-free. In contrast with the usualsegmentation-based methods where the numeral string is segmented into individual numerals,our presegmentation only attempts to segment it into groups of numerals. Each group shouldrepresent an arbitrary integer number of numerals, i.e. one, two, three, ..., numerals. All groupsof numerals (with unknown lengths) are then separately recognized and the results are eventuallymerged together yielding the �nal interpretation; see Fig. 3. To avoid the two aforementioneddrawbacks of segmentation-free methods, each output of presegmentation (a partial image) is�rst submitted to a `Digit Detection' module and only if the partial image is rejected do we goto the `Segmentation-free' module.In real environments, the image of a numeral string usually contains many `noisy' partsin addition to the numerals themselves. As an example Fig. 1 shows some strings with andwithout noisy parts [25]. To cope with these noisy parts, we introduce the concept of dummysymbol. That is, noisy parts that cannot be eliminated by standard �ltering algorithms will beconsidered as dummy symbols. In our system, the treatment of dummy symbols is embedded inthe `Segmentation-free' module. 5
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a numeral, is critical and should be avoided. This is achieved by �rst detecting potential brokenparts and then grouping each of them to its neighbor(s).The detection of broken parts is motivated by the following observation 1. Among the tenclasses of Arabic numerals, only two of them, namely, `4' and `5', are normally written in twostrokes (see Fig. 4). The remaining eight classes are usually produced by one single stroke.Therefore the a priori probability of having broken parts in these two classes is higher than inthe remaining eight classes. This leads to the following detection rule. A CC is regarded as abroken part if one of the following three conditions is met.1. The CC does not intersect the median line (SImedian) of the numeral string.2. max(CCabove;CCbelow)min(CCabove;CCbelow) > Tbroken1;Tbroken1 2 [3; 5] 2where CCabove and CCbelow denote the vertical height of the part above and below themedian line respectively; see Fig. 4..3. CCheightSIheight < Tbroken2;Tbroken2 2 [0:2; 0:5].Even when a CC intersects the median line, it may still be considered as broken part by thesecond condition if the intersection point is near to the top or bottom part of the CC. The thirdcondition prevents too small CC's to be considered as isolated numerals. Although the aboveconditions are inspired from the numerals `4' and `5', it can be easily seen that they also coverthose cases where a CC is not well aligned vertically with the whole string, thus becoming morelikely to be a broken part.In the grouping phase the CC's which are deemed broken parts are grouped to their neighbor-hood. We have to decide to which neighboring CC(s) a broken part CCbroken should be grouped.The decision is based on the following rule (see Fig. 4 for the de�nitions of various quantities):1We consider only the North American writing style2The intervals correspond to the examined search spaces during the optimization phase of the system7



heightCC below

aboveCC

right

SI

CC

SI median

CC left

previousCC

CC broken

CC nextFigure 4: De�nition of Various Geometric Quantities.IF ( jCCleft�CCright jSIheight < Tgrouping) THENGroup(CCprevious; CCbroken; CCnext)ELSE IF (CCleft < CCright) THENGroup(CCprevious; CCbroken)ELSEGroup(CCbroken; CCnext)where Tgrouping 2 [0:2; 0:4]. That is, when CCleft and CCright are nearly equal, we prefer groupingthe broken CC to both its left CC and right CC. The ambiguity will be resolved later by the`Segmentation-free' module. If a broken CC is on the left or right end of the numeral string,CCleft or CCright is set to a very high value to achieve the correct grouping. The groupingprocess is repeated as long as some groups can still be classi�ed as broken parts. It can be seenthat although the segmentation problem is not solved in this stage, we have avoided makingsome irremediable wrong decision(s). (A similar idea for the detection of broken parts has beenproposed in [23]. The main di�erence resides in the grouping mechanism). The resulting PI'sare ordered from left to right according their horizontal position in the SI. In the case of Fig. 4,there could be two resulting PI's corresponding to `4' and `56' respectively.
8



4 Digit DetectionFor each PI resulting from the `Presegmentation' module the `Digit Detection' decides whetherthe PI contains an isolated digit or a group of digits. PI's containing isolated digits are recognizeddirectly by the `Digit Detection' module. PI's containing groups of numerals are rejected by the`Digit Detection' and sent to the `Segmentation-free' module for recognition. The decision toaccept or reject a PI is based on a score value Sdigit(PI) which is computed separately for eachPI. The score value is computed by combining recognition result from the `Digit Recognition'server and additional \recognition" result based on the mean number of horizontal transitionsfrom white to black over all scan-lines of a PI. We �rst motivate our approach and then explainthe details.Let us naively consider the problem from the pattern classi�cation point of view, i.e., classifya PI as a digit or a group of more than one digits. It is a two class problem that can be, atleast in principle, optimally solved by a standard classi�cation technique [19]. Unfortunately,such an approach would be optimal only locally, i.e. for `Digit Detection', but global optimalityof the whole system would not be guaranteed. Moreover, even an attempt to provide only localoptimality would require extremely complex analyses to determine the class �a priori probabilitiesand the loss function. For instance, the loss of classifying a group of digits as one digit is di�erentfrom the contrary, because the latter is not a real error in the sense that a PI containing onedigit can still be correctly recognized by the `Segmentation-free' module. Therefore, we decidedto concentrate our e�orts on another aspect of the problem. That is, the kind of measures orfeatures that make one digit di�erent from many digits. After some trials, it turned out that thenumber of horizontal transitions provide a good basic feature. To render it more reliable, we usethe mean value over all scan-lines. Moreover the feature is made class-speci�c in combinationwith the result from `Digit Recognition'.To compute the score value Sdigit(PI) 2 [0; 1] the posterior probabilities qk(PI) from the`Digit Recognition' server and the transition qualities tk(PI) are combined in the following way.Sdigit(PI) = 110 9Xk=0 qk(PI)� tk(PI) (1)The computation of qk(PI) and tk(PI) will be explained in the following two paragraphs. The9



reason for which we sum up over all ten numeral classes is that we are mainly interested inmeasuring how valid a PI is rather than how good it is with respect to the best class (a validPI may belong to any of the ten numeral classes). This is in total contrast with other previousworks where Sdigit was de�ned as the maximum score (or likelihood) over all classes [24], [21].The `Digit Recognition' server simply receives an input image and outputs its class scores(posterior probabilities) qk 2 [0; 1]; k = 0; : : : ; 9: The recognition method has been developedearlier at our institute [18] and uses a combination of two statistical sub-recognizers. The �rstsub-recognizers uses projection-based features whereas the second computes its features from con-tour information. For both sub-recognizers a fully connected feed-forward multi-layer perceptronis used for classi�cation.The mean number of horizontal transitions �̂k for each digit class k and its standard deviation�̂k are estimated from measurements over some hundreds of isolated digits in the training phase.In the recognition phase for a given PI the mean number of horizontal transitions over all scan-lines PImt is computed and used to estimate the transition quality tk(PI) 2 [0; 1]; k = 0; : : : ; 9;of the PI regarding class k by the following equation.tk(PI) = 1 � erf( jPImt � �̂kj�̂k ) (2)where erf(:) is the standard error function (erf(0) = 0; erf(1) = 1; erf(�x) = �erf(x)).Similar to qk, a high value for tk indicates a high \recognition" con�dence. In a sense, tk(PI)can be considered as the output of an isolated numeral recognizer with only one feature. Thisrecognizer is not able to distinguish between, say, a `6' and a `9', because both classes have similarmean and standard deviation. But it provides a very good discrimination between a valid andan invalid PI, especially when the invalid PI is composed of more than one numeral.The decision whether the PI represents an isolated digit (or a group of digits) is made by thefollowing rule.
10



IF (Sdigit(PI) > Tdigit) THENAccept PI, send result tothe `Global Decision' moduleELSEReject PI, send PI tothe `Segmentation-free' modulewhere Tdigit 2 [0:015; 0:025] is a prede�ned threshold found in the optimization phase. If the PIis accepted as an isolated digit, the class k which satis�es the following equationqk(PI) = maxk0 qk0(PI) (3)is sent together with the corresponding value qk(PI) to the `Global Decision' module. The classk is used to build up the global recognition result and the value qk(PI) is used for the globalaccept/reject decision.5 Segmentation-free ModuleThe `Segmentation-free' module is designed to recognize PI's containing groups of broken and/ortouching digits. It consists of two levels, namely, `Local Level' and `Global Level'. The `LocalLevel' is responsible for dividing a PI into partial shapes (PS) representing single digits andrecognizing them. The 'Global Level' chooses the best among all possible combinations of PS's.An overview of the `Segmentation-free' method is shown in Fig. 5.Subsection 5.1 describes the di�erent steps used in `Local Level' processing. The `GlobalLevel' processing is explained in Subsection 5.2. A special feature of the `Segmentation-free'module is the concept of dummy symbol. It is presented in Subsection 5.3 and allows to treatnoisy parts that cannot be eliminated by standard �ltering algorithms.5.1 Local Level ProcessingAt the `Local Level' processing the PI is decomposed into PS's that could represent single digits.The PS's have to meet simple size and shape constraints to be accepted. See Fig. 8 for an11
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Figure 6: Di�erent steps in segment extraction.example of accepted PS's.In the �rst step the `Segment Extraction' extracts and orders the segments from a PI. Eachsegment starts and ends with singular points, namely, end points, T-joints, and crossing points.Each of these singular points represents a potential break point between two digits [21]. For theextraction and ordering of the segments the following steps are carried out1. the PI is thinned2. singular points are detected and removed, very small CC's are deleted3. the resulting CC's are labeled4. the labeled CC's are expanded within the borders of the original PI with the expandedCC's corresponding to the searched segments5. all segments that are obtained are ordered from left to rightFigure 6 illustrates these steps. The �rst image shows the original PI, the second image thethinned PI, the third image shows the PI after removal of singular points and small CC's andthe fourth image the labeled CC's. The next four images show the expansion of the labeled CC'swithin the borders of the original PI (the resulting �ve segments are marked by di�erent graylevels). 13



The `Build Partial Shape' step makes use of these segments to build meaningful PS's, sus-ceptible to represent individual numerals. Theoretically, if NS is the number of segments, thenthere are (2NS � 1) possible PS's. In order to avoid this exponential complexity, [21] proposed touse spatial constraints to reduce the number of PS's to O(N2S). The resulting building processworks as follows. For each segment si, i = 1; ::; NS, we build (NS � i+ 1) PS's by starting at siand including segments to the right of si up to sNS segments, i.e., the set of PS's starting at siis given by fSkj=i sj; i � k � NSg. There are in total NS + (NS � 1) + :: + 1 = NS(NS+1)2 PS's.Moreover, a PS must satisfy both the following size and shape constraints to be meaningful.1. PSheightPIheight > TPS1;TPS1 2 [0:2; 0:4]2. PSwidthPSheight < TPS2;TPS2 2 [4; 6]The widths and heights of PS's and PI's are those of the corresponding bounding-boxes. Condi-tion 1 prevents very small PS's from being considered meaningful whereas Condition 2 on aspectratio prevents too wide PS's from being considered meaningful. Such very wide PS's will bediscussed later in Section 5.3 on dummy symbols. Due to the two additional size and shapeconstraints, the actual total number of meaningful PSs is usually smaller than NS(NS+1)2 .In the `Recognize Partial Shape' step each meaningful PS is submitted to the `Digit Reco-gnition' server. The best class k together with the corresponding score value qk(PS) and thecoordinates of the PS are then added to the `Attribute-Table' (see Fig. 5). Finally the score SPSfor each meaningful PS is computed (see Eq. 4 below) and added to the `Attribute-Table' forglobal level processing. The score of a PS SPS represents its quality and is determined by thetwo factors Sdigit (see Eq. 1) and Semb.SPS(PS) = Sdigit(PS)� Semb(PS) (4)The factor Semb re
ects how well the PS is embedded in the PI and is de�ned by:Semb(PS) = 11 + (PSmedian�PImedianPIheight )2 (5)14



5.2 Global InterpretationAt the `Global Level', the system attempts to determine the most consistent combination ofPS's. All possible combinations are expressed by means of a directed and weighted graph whichis generated in the `Build Weighted-Graph' step from the 'Attribute-Table'. Therefore the choiceof the most consistent combination becomes a graph search problem. In order to build a directedand weighted graph we have to de�ne its nodes and edges with the corresponding edge costs.The nodes of the graph are represented by the meaningful PS's found in `Local Level' proces-sing. Furthermore there are two special nodes, called Root and End. Two partial shapes PS(i)and PS(j), 1 � i < j � NPS , are linked together if they satisfy the following conditions (seeFig.7).1. [e(i) = s(j)]or[e(i) + 1 = s(j)],where e(i) is the index of the end segment of PS(i) and s(j) is the index of the start segmentof PS(j). That is, PS(i) and PS(j) share either none or one common segment.2. PS(i) 6� PS(j). This is trivial because otherwise the link does not make sense.3. ox(i;j)PSheight(i;j) < Toverlap1;Toverlap1 2 [0:5; 0:7],where PSheight(i; j) is the height of the bounding-box of the union of PS(i) and PS(j), forox(i; j) see Fig. 7. That is, PS(i) and PS(j) should not too much overlap horizontally.4. oy(i;j)PSheight(i;j) > Toverlap2;Toverlap2 2 [0:2; 0:4],That is, PS(i) and PS(j) should have some vertical overlap.The above constraints for possible edges ensure that all segments of the PI are used in everypossible path from Root to End. Root and End nodes are especially treated so that they areconnected to the left- and right-hand-side of the numeral string.The edge cost between two linked nodes i and j, Cedge(i; j) are determined by the costs ofthe nodes Cnode and the costs of the link Clink between the two linked nodes The parameterWnode 2 [0:4; 0:6] adjusts the weight of node costs compared to link costs.Cedge(i; j)=WnodeCnode(i; j) + (1 �Wnode)Clink(i; j) (6)15
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rejected, otherwise an interpretation of the PI is found because each of the nodes on the pathrepresents a recognized digit. For all nodes (without Root and End node) on the path with thelowest costs the 'Digit Recognition' server recognizes the corresponding PS's. Like the 'DigitDetection' module the resulting classes together with the corresponding score values are sent tothe 'Global Decision' module.Fig. 8 illustrates the recognition of a PI. There are 13 meaningful partial shapes: (a), (b),... and (m), the links between which are shown on the weighted-directed-graph. Note that thetwo nodes (f) and (g) have no actual predecessors because none of their potential predecessorscould satisfy the spatial constraints. Let us consider node (f), which has 6 potential predecessors,namely, Root, (a), (b), (c), (d) and (e). It cannot be linked to Root because it would have leftsome partial shapes, such as (a), out of use. It cannot be linked to (c), (d) and (e), because morethan one segment would be used twice, and it cannot be linked with (a) or (b) because condition3 for potential links would not allow such a high horizontal overlap. In the last step the graphsearch algorithm �nds the path with the lowest cost from Root to End to be Root ! (c) ! (j)! End, which corresponds to the numeral string '76'.Compared with the work of [21], our segmentation-free method provides three extensions.First, we use a statistical isolated numeral recognizer instead of a structural one. One inconveni-ence of this is that for each partial shape, we must reconstruct a binary image (see Subsection 5.1)before submitting it to the isolated numeral recognizer (see [27] for more detail). The advantageis that our approach is independent of any special digit recognition method and less sensitiveto thinning artifacts. Second, we de�ne the score of a PS to be proportional to a weighted sumover all classes instead of using only the best one. Last, many \hard constraints" have beenconverted into \soft decisions" in the form of costs. The remaining hard constraints are quiteloosely set. This allows our system to 
exibly accommodate the large spatial variations of totallyunconstrained data.5.3 Dummy SymbolThe goal of the concept of dummy symbol is to introduce a systematic way to handle `noisy'parts of the image that cannot be eliminated by standard �ltering algorithms. Examples of such17
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 Figure 8: A PI with accepted PS's and the corresponding weighted graph of a numeral string.
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noisy parts are hyphen signs, ligatures (such as additional horizontal bar between two zero's, seeFig. 9), underscores and some preprinted graphics as shown in Fig. 1. In this paper, we limitour discussions to the �rst three types of noisy parts. The use of dummy symbols implies twomodi�cations at two distinct points in the `Segmentation-free' module.First, the detection of potential dummy symbols is performed in the 'Building Partial Shape'.A PS is deemed potential dummy if it satis�es both of the following conditions:1. It is composed of a single segment.2. PSwidthPSheight > Tdummy;Tdummy 2 [4; 6]It is clear that these two conditions are necessary for a PS to be a hyphen sign, a ligature or anunderscore. They are not su�cient because a PS satisfying them can be part of a valid numeral(e.g., horizontal bar of the number `5' or `2'). Note that the above two conditions are su�cientlystrict that no valid numerals can be detected as dummy. Potential dummyPS's are not submittedto the isolated numeral recognizer; they are marked as potential dummy and directly added tothe `Attribute-Table'.The second modi�cation to deal with dummy symbols is made in the `Build Weighted-Graph'step (see Fig. 5). Let us consider a PI composed of NS = 3 segments yielding a total of NS(NS+1)2 =6 PS's, where the fourth has been detected as a potential dummy symbol (see Fig. 9). Theconditions for setting a jump from PS(i) to PS(j) are:1. e(i) + 2 = s(j), where e(i) is the index of the end segment of PS(i) and s(j) the index ofthe start segment of PS(j).2. the PS which consists of the segment with the index e(i) + 1 is marked as potential dummy.In the example the thick arrow in Fig. 9 indicates the additional edge we have introduced inorder to allow a path from node (a) to node (f) by jumping over the potential dummy symbol(d). PS (d) is marked as potential dummy and does therefore not appears in the directed andweighted graph. The cost Cdummy of this special edge is given byCdummy(i; �; j) = Wdummy1 +Wdummy2Cedge(i; j) (12)19
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we have developed a heuristic rule based on some preliminary experiments and observations.For our rejection rule it is necessary to de�ne a score value Sstring for the whole string. Sincea string is considered as misrecognized if any of its digits is misrecognized, it is sensible to assignthe lowest score qk (see Section 4) among all scores to the whole string.Sstring = mini qk(i) (13)The score values qk(i) are stored in the result table containing the recognition results from the`Digit Detection' and the `Segmentation-free' module (see Table 1 at the end of this section foran example).Experiments have shown that SI's that do not make use of the `Segmentation-free' moduleare relatively easy to segment and can be recognized with a high reliability. Images which usethe 'Segmentation-free' module are in general more di�cult to segment and therefore recognitionof these images is less reliable. This observation suggests that the rejection threshold for thescore value Sstring should be higher when the `Segmentation-free' module is used. Let Treject1be the rejection threshold when the `Segmentation-free' module is used and Treject2 the rejectionthreshold when it this is not the case. Reporting both thresholds to a single rejection parametert according to Fig. 10 results in the following global rejection rule.IF ('Segmentation-free Module' was used) THENReject SI, if Sstring < Treject1(t)ELSEReject SI, if Sstring < Treject2(t)where t 2 [0; 1] and Treject1(t) � Treject2(t) re
ecting that when the `Segmentation-free' moduleis used, the decision is more conservative. In Fig. 10, t is set to A and the resulting thresholdvalues are B and C respectively.For t < P , Treject2(t) = 0 and all SI's that do not make use of the `Segmentation-free' moduleare accepted. The best value for P is determined experimentally during the training phase of thesystem and found in the interval [0:8; 0:9]. For a given rejection parameter t we can measure thenumber of rejections and recognition errors using a set of SI's. By varying the rejection parameter21
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Figure 10: Threshold functions Treject1(t) and Treject2(t)origin DD DD SFi 1 2 3 4 5k(i) '0' '1' '6' '6' '2'qk(i) 0.962 0.933 0.591 0.976 0.985Table 1: Example for a result table from a SI with truth value `01062'.t over the whole interval [0; 1] error-reject tradeo� curves can be determined experimentally (seeSection 7 for some examples).Table 1 shows an example for a result table. The �rst line contains the origin of the digitresults (`DD' stands for `Digit Detection' and `SF' for 'Segmentation-free` module), the secondline the digit position i, the third line contains the class k(i) and the fourth line the correspondingscore value qk(i).By concatenation of the classes k(i) we get the recognition result '01662' with the correspondingscore Sstring = 0:591, which is compared to Treject1(t) because the `Segmentation-free' module isinvolved. Depending on the rejection parameter t the SI would either be rejected or a recognitionerror would occur.
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7 Experiments and ResultsTo evaluate the performance of our system, we have carried out experiments with the CEDARand the NIST SD3 databases. For all reported results we used the de�nitions for the recognitionrate, the error rate and the rejection rate which have been proposed by [5]. Let A be a test setwith NA string images (SI's). If the recognition system rejects Nrej images, classi�es correctlyNcor images and misclassi�es the remaining Nerr i.e. Ncor +Nerr +Nrej = NA, thenrecognition rate = 100NcorNA % (14)error rate = 100NerrNA % (15)rejection rate = 100NrejNA % (16)Therefore the recognition rate, the error rate and the rejection rate sum up to 100%.The knowledge about the number of numerals composing a SI was not used in any of ourexperiments. A SI was counted as correctly classi�ed if all numerals composing it were correctlyclassi�ed (according the assigned truth value). For each experiment a table summarizes theperformance on zero-reject level and the three error levels 2%, 1% and 0.5%. Error-rejectioncurves demonstrate the performance over the whole rejection range.7.1 Experiments on the CEDAR DatabaseThe CEDAR database resulted from a project by the United States Postal Services (USPS) andCenter of Excellence for Document Analysis and Recognition (CEDAR) [25]. Images of handwritten address blocks from live mail have been gathered at the Bu�alo USPS MSC (near NewYork) in the years between 1986 and 1988 (see Fig. 1 for some examples). The gathered imageshave been segmented into words, SI's (zip codes), digits and alpha numeric characters. Theprovided images are divided into a training and a testing set. In our experiments we used SI'sfrom the training set for the optimization of the parameters (see below for further speci�cation).All provided SI's from the test set were used in order to determine the recognition, error andrejection rates. 23



digits images zero 2% 1% 0.5%5,9 495 83.6 60.0 51.5 48.05 436 84.9 64.0 54.5 50.0Table 2: Recognition rates for the CEDAR experiment for test/binzipsPrior to presegmentation, the skew of the SI was detected and corrected using principalcomponent analysis [28].The `Digit Recognition' server has been trained with the 18468 digits from the train/bindigisdirectory. Its performance at zero-rejection level was 98.69% (tested with the 2213 digits pro-vided in the test/bindigis/goodbs directory). The parameter for the proposed system have beenoptimized on the �rst 500 images in the train/zipcodes/br directory.We used the 495 SI's provided in the test/binzips/bs directory as a �rst test set. Table 2summarizes the recognition rates for di�erent error levels. The column `digits' describes thenumber of digits in the SI, the column `images' shows the size of the according test sets. Thecolumn `zero' gives the recognition rate at zero-rejection level, the columns `2%', `1%' and `0.5%'reports the recognition rates for the according error levels. In order to achieve an error rate of1% for SI's containing 5 digits, the system has to reject 44.5% of the images. The remaining54.5% are correctly classi�ed.Figure 11 shows the performance for all rejection rates. The curve labeled `5- and 9-digit'shows the performance over all 495 SI's. The curve labeled `5-digit' corresponds to the subsetwith 436 SI's containing only �ve digits.As the second test set we used the 435 SI's provided in the test/zipcodes directory. The resultsof this test are summarized in table 3 and �gure 12.7.2 The NIST SD3 DatabaseThe SD3 database was provided by the American National Institute of Standards and Technology(NIST) in 1992 as part of a conference to assess the state-of-the-art in isolated handwrittencharacter recognition [29]. The database contains isolated digits, upper- and lower-case letters24
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Figure 11: Error rate vs. rejection rate for the CEDAR database, for test/binzips
digits images zero 2% 1% 0.5%5,9 435 72.9 49.5 44.5 43.05 398 74.9 51.0 47.5 45.0Table 3: Recognition rates for the CEDAR experiment for test/zipcodes25
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Figure 12: Error rate vs. rejection rate for the CEDAR database, for test/zipcodesand 2100 scanned images of specially designed forms containing �elds for SI's and a short text.The forms have been �lled out by employees of the U.S Bureau of the Census. The source codeto read and registrate the forms and to extract the �elds containing the SI's was provided byNIST on the hsfsys CD-ROM. On these extracted �elds we carried out our experiments on theSD3 database (see Fig. 2 for some examples).In the experiments on the NIST database, the recognition system has shown better recognitionperformance without the concept of the dummy symbol. The SI's of the NIST database containmuch less noisy parts than the SI's from the CEDAR database. In some cases essential partsof numerals are classi�ed as dummy symbols and a correct interpretation of the correspondingpartial image is no longer possible .The reported results correspond to the experiments withoutthe dummy symbol.The isolated digit recognizer has been trained with the �rst 50000 digits in the SD3/datadirectory. Its performance at zero-rejection level was 99.45% (tested with the last 173124 di-gits provided in the SD3/data directory). The parameters for the proposed system have been26



digits images zero 2% 1% 0.5%2 981 96.2 94.5 93.5 91.53 986 92.7 86.0 79.5 70.54 988 93.2 86.0 81.0 70.05 988 91.1 81.0 77.5 70.56 982 90.3 80.5 75.5 66.52-6 4925 92.7 86.0 82.0 74.0Table 4: Recognition rates for the NIST experimentoptimized on 2397 images from the �les f1000 to f1099, without the �le f1014 3.As test set we have selected the �les f1800-f1800 and f2000-f2099, which have also been usedas a test set by [15]. The �le f1823 was not used due to a form registration failure. Another 50�elds were not included in the test. Among these �elds were empty �elds (3 cases), �elds with�eld extraction errors (36 cases) and �elds containing wrong numbers, or numbers which are notrecognizable even for humans (11 cases).Figure 13 plots the error-reject tradeo� for all used �elds in the test set. Figure 14 show thebehavior for di�erent string length (from two to six digits).8 Discussion and ComparisonThe introduction of the `Presegmentation' and the `Digit Detection' modules has proven powerful.These two modules try to recognize all simple cases of numeral strings (not much noise, notouching digits, digits not broken into a lot of CC's, digits recognizable with a high con�dence)without using the `Segmentation-free' module. The experiments on the NIST database haveshown that 83% of the images in the test set have been considered as \simple" cases. Therecognition rate for this subset was 97.1% compared with 92.7% for the whole test set. On theCEDAR database 68% from the test/binzips and 59% of the test/zipcodes have been considered as3For �le f1014 the assigned truth values did not correspond to the form27
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Figure 13: Error rate vs. rejection rate for the NIST database, overall performance
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\simple" cases. The corresponding recognition rates were 92.9% and 89.1%, respectively. Thereexists a strong relation between the percentage of the \simple" cases and the overall recognitionperformance.The proposed system provides a framework to combine segmentation-based and segmentation-free recognition methods. Any method can be used for the 'Digit Recognition' server and anymethod for the 'Segmentation-free' module.The reported results on the CEDAR and the NIST SD3 databases have been carried outwith an identical recognition system with the following three exceptions: the optimization wascarried out on di�erent training sets, the dummy concept is not used for the NIST database andskew-normalization is carried out for the CEDAR database.Comparison with published methods is delicate in some cases because of the uncertaintyconcerning the exact data being used. For publications using the CEDAR database we would liketo mention the following for which the experimental conditions are comparable. [24] used the dataprovided in the test/binzips directory set but excluded 16 di�cult cases in their experiments; theyreported a recognition rate of 73.9% for 2.9% error rate. [11] reported for the 495 images in thetest/binzips a recognition rate of 56% for 0.8% error rate. For the 435 images in the test/zipcodesa recognition rate of 42% for 1.2% error rate is reported. The corresponding recognition ratesachieved by our system are 51% and 46%, respectively.For the publications using the NIST database a more detailed comparison is possible. Table5 summarizes the recognition rates for di�erent error levels for the papers [15], [10] and [14]. [15]used the �les f1800 - f1899 and f2000 - f2099 for testing. [10] and [14] did not further specify theused data. A `-' indicates that no recognition rate has been reported for the speci�ed rejectionrate or error rate. For [15] and [14] the recognition rate could not be exactly calculated (frompublished curves) due to a di�erent error rate de�nition. Therefore the according error rates areprovided in parentheses.In [21], loosely constrained data were used. The authors collected isolated numerals from260 persons who were asked to write normally and neatly according to shown standard shapes.Numeral strings were then arti�cially generated by concatenation. They reported correct reco-gnition rates varying from 99% for isolated numerals down to 81.96% for strings composed of 529



authors digits images zero 2.0% 1.0% 0.5%[15] 2 1000 - - 87.1 (0.9) 74.6 (0.4)3 1000 - - 84.2 (0.9) 70.7 (0.4)4 1000 - - 76.2 (0.8) 68.7 (0.3)5 1000 - - 70.3 (0.7) 55.7 (0.3)6 1000 - 68.6 (1.4) 62.4 (0.6) 57.7 (0.3)[14] 2 1000 - 96.5 (2.0) 95.2 (1.0) 94.5 (0.5)3 1000 - 92.1 (1.9) 88.0 (0.9) 82.6 (0.4)4 1000 - 84.3 (1.7) 80.7 (0.8) 75.6 (0.4)5 1000 - 81.3 (1.7) 78.6 (0.8) 70.7 (0.4)6 1000 - 77.4 (1.6) 70.5 (0.7) 43.8 (0.2)[10] 5 2000 83.1 69.6 (2.0) 64.3 (1.0) 61.4 (0.5)Table 5: Recognition rates on the NIST database reported by other methodsnumerals, without using the knowledge about the actual length.No system was applied to both the CEDAR and NIST, or at least no recognition rates havebeen reported. Compared to the recognition rates provided in Table 5 our system achieves ingeneral better recognition rates for low rejection levels and better recognition rates for stringscontaining more than three digits.9 ConclusionWe have proposed a system for o�-line recognition of handwritten numeral strings. The system isbuilt upon a number of components, namely, a `Presegmentation' module, a `Digit Recognition'server, a `Digit Detection' module, a `Segmentation-free' module and a `Global Decision' module.Experiments on real data from the CEDAR and the NIST SD3 databases showed very goodrecognition rates at zero-rejection level and a good error/reject tradeo�. In particular, our systemwhich is based on a discrete approach works well on both databases. This is not surprising since30



it was originally developed for di�cult, totally unconstrained data (CEDAR). One interestingquestion is to which extent continuous based methods, which are mostly developed for slightlyconstrained data (NIST), are able to handle totally unconstrained data. Our main results aresummarized as follows:1. The extension of the concept of presegmentation has proven useful. Instead of dividing theinput image into individual numerals, we only attempt to divide it into groups of numerals,each consisting of any integer number of numerals.2. The conversion of \hard constraints" into \soft decisions" allows a more 
exible accommo-dation of large spatial variations in totally unconstrained data.3. The criterion based on the weighted sum of con�dences over all classes has a good discri-mination power.4. The introduction of dummy symbols provides the system with the possibility to not takeinto account \noisy" parts that cannot be eliminated by standard �ltering algorithms.5. A simple accept/reject rule is suggested which allows the system to make e�cient rejectdecisions for any given error rate or reject rate.Acknowledgments: This work was partly supported by the Swiss National Science Foundation.References[1] F. Arcelli, A. Chianese, M. De Santo, and A. Picariello, "Approaching Character Segmen-tation with Parallel Contour / Skeleton Analysis", Proc. of The 8th Scandinavian Conf. onImage Analysis, Troms�o, Norway, May 25-28, pp. 1299-1306, 1993.[2] Thien M. Ha, D. Niggeler, and H. Bunke, "A System for Segmenting and Recognising To-tally Unconstrained Handwritten Numeral Strings," Proceedings of the third InternationalConference on Document Analysis and Recognition, Aug. 14-16, 1995, Montr�eal, Canada,pp. 1003-1009. 31
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