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ABSTRACT

Motivated by problems in video summarization caused by Changeunder different synthetic lighting. In the sequence shown in Fig. 1

in lighting, we develop a new low-dimensional feature video frame the method in [5] applied to real outdoor lighting change from

feature that is more insensitive to such changesthan previous meth: . . ;
ods. Because we effectively reduce any video to the same IightingShadOWIng produces many keyframes, when in fact we wish to see

o . . . . only one.
conditions, we can produceumiversal basin which to project :
video frame features. We set out a new multi-stage hierarchi- In_thls paper we set out a method that performs correctly un-
cal clustering method that merges clusters based on variance ragIer thl'ls commo_ndllght:_rilg dlfflcultil_lgndkmor?oc\jler perforlmsf better
tio, the ratio of intra- and total variance, and merges only adja- °Vetfa ?n ?n%/t.v' eo.d er;fa, we ufllze hnov_ve bgmalécp or otr- ¢
cent clusters. A second stage merges clusters incorrectly split infration forlighting and surfaces, from physics-baseavision, to cas

the first round by the greedy hierarchical algorithm, and finally thiclgstgnng zrol%llt_am |n_t|9h_thebfor_m .Of prOJectlontogf][ames cIJnto
merges non-adacent clusters to fuse near-repeat shots. The ne asis dgerived offine. 'S basis 1s precomputed from a 1arge

summarization method produces a very succinct set of keyframesra'mr_]g s_et "’T”d_ then_ applies equally to aI_I su_bsequentwdeos.
for videos, and results are very encouraging. Lighting is first discounted by normalization of color-channel

bands [11]. This step approximately but effectively removes de-
1. INTRODUCTION pendence on both luminance and lightowdor. Thenimage frames
are moved into a chromaticity color space. As well as reducing the
Keyframes remain the most natural and immediate summarizationdimensionality of color to 2, since chromaticity involves a ratio of
expressions for video. While keyframes are established, “inversecolor bands this also has the effect of removing shading. In or-
Hollywood” techniques, such as graph-based pruning [1] or other der to make the method fairly robust to camera and object motion,
hierarchical representations of video sequences [2, 3, 4] can beand displacements, rotations, and scaling, we go over to a 2D his-
brought to bear. togram derived from DC components of frames. In this paper we
Ferman and Tekalp [5] applied a clustering approach to intra- use 128128 histograms. Chromaticity histograms are them-
shot keyframe selection, based on average color histogram [3] andoressed— i.e., we treat the histograms asages(see [12, 11]).
intersection histogram [6]. The average histogram is indeed sim- Here, we use a wavelet-based compression because this tends to
ply the average of all histograms in the shot. The intersection his- strike a balance between simple low-pass filtering and retaining
togram is a generalization of the intersection of two image his- some important details. Using a 3-level wavelet compression we
tograms, a rephrasing of histogram difference in ambrm [7]. arrive at 16<16 histograms.
Other algorithms advanced have used comparison to the firstframe  However, we found that compression of histograms could be
in a shot using color and motion [8], accumulating frame differ- improved if the histograms are firsinarized i.e., entries are re-
ences [9], algorithms based on geometric metaphors, e.g. [10], andlaced with 1 or 0. The rationale for this step is that chromaticity
other means but here we mean to set out a more effective algorithmhistograms are a kind of color signature for an image, similar to a
that is also simpler. palette. In work involving recovering the plausible illuminant from
Ferman and Tekalp [5] extract keyframes by clustering, and pixel values in an image [13] it was found beneficial tiize this
then go on to prune as well as augment the number of frames idenkind of color signature. Here, the step of binarizing the histogram
tified as keyframes, using a number of criteria. Firstly, since light- not only reduces the computational burden, since true chromatic-
ing changes can bias the average histogram adversely, outliers wittity histograms need not be computed, but also has the effect of
respect to luminance are added to the list of keyframes. Secondlyproducing far fewer negatives in the compressed histogram. Fi-
clusters that contain only a few frames are eliminated. Thirdly, nally, we found that one further step could substantially improve
clusters with centers closer in color distance than a thresheld  the energy compaction of the representation: we carry oukd 66
are merged. Finally, within each cluster, if the cluster radius ex- Discrete Cosine Transform (DCT) on the compressedlishis-
ceedd/ ¢ two representative frames are chosen that are (1) closestogram. After zigzag ordering, we keep 21 DCT coefficients.
to the center, and (2) farthest from the center. The authors use the  The main utility of color-channel normalization and then chro-
Y-Cb-Cr color space. maticity space is that every image approximagggs over into the
We have found that applying some of the techniques above same lighting conditionsThat is, we perform a kind of universal
yield poor results for keyframe extraction in quite common situa- normalization of images. In fact, it was shown that going further
tions. E.g., we considered a sequence taken from the niowvje in this direction andterating the steps (1) color-channel normal-
(see http:/iwww.cs.sfu.cammark/ftp/Ismip00/) and found that the ization, and (2) forming the chromaticity, which is itself a kind of
moving background and subtle lighting changes seen there con-color normalization, produced excellent results for image indexing
found the algorithm in [5] because of the change in pixel values [14]. There, it was determined that about five iterations produced



convergence, using such an iterated “comprehensive” normaliza- 2. ILLUMINATION CHANGE AND NORMALIZATION

tion. Thus, here, we are going about one-fifth of the way toyvards 2.1. Pixel values undeillumination change

the optimum, but still wittgood results and far less computation.  The motivation for color-channel normalization lies in making im-
ages approximately independent of illumination; however such a
normalization followed by moving to 2D chromaticity space has
for the DCT 21-vectors, offline, that can then be reused for any € concomitant effect of transforming every image into the same
new image or video. Here we find a basis set by the Singular Valuelllumination domain. o . .
Decomposition (SVD) of the DCT 21-vectors (cf. [15], in which ~__ T0 understand how color normalization effegtsminant in-

a basis set for DCT-transformed log color-ratios was found using 4€Pendence, firstly we note that several justifications can be made
an SVD and [16] which used SVD on motion vectors and was [19] for adiagonal modelor illumination change: color values for
considerably more complex than the method presented here). WePX€ls approximately undergo independenttiplicative changes
found here that2 components in the new basis representthe entire IN €ach color channel R, G, and B, that is independent of retinal
DCT vector very well: 12 eigenvectors account for 99.6% of the ~coordinates. _ . _ y
variance. We found that energy compaction worked better using a  FOr consider pixel valuep * at camera retinal positio .
spherical chromaticity, rather than the usual linear one. Under lighting(), if the light impinges on a Lambertian surface

) with reflectance functios(\) from directiona , the RGB camera
Thus the method we set out here is to precompute a set ofyajue produced is

12 basis vectors, once and for all, and then form tBevector » » »

coefficients for any video frame with respect to this basis. Then po=am BT (Na (Adr @)
keyframe extraction by clustering can be carried out very effi- Whereq (\) are three camera sensitivity functions, and is the
ciently, using onlyl2 -component vectors, and need not be per- surface normal at position. Now, according to Borges [20], the
formed only intra-shot, as in [5]. In fact, we can present an entire usualfactor modelapproximation used in computer graphics can
video sequence to a clustering method, or just a small sequencele employed: .

and still find keyframes. Abrupt cuts certainly forpoundaries Pr = a -nsiex/or, k=1.3 with @)
between shots, but gradual transitions can also be simply identi- ;7 — /SE(A)Qk(A)d)uek — /E()\)qk()\)d)\ LOR = /Qk()\)d)\
fied as regions with a fast derivative of keyframe number — if many

keyframes are produced over a short time period then, while this providing the light is fairly white. Therefore undera lighting change
couldbe due to very fast scene changes, the most likely explana-r; — £’, @ — a’ pixel values transform according to

tion is that a gradual transition has takeaq®. Thus, rather than pi = pi' = (ex'[er)ph )

keeping these transitions, we discard them. Hence normalizing each color channel, in &r L, norm, effec-

Each keyframe is associated with a lengttfeature vectorof ~ tively removes the lighting. In fact, in the context of eq. (2), di-
basis coefficients. Thus video search, retrieval, and browsing are avision of an N-pixel image by the mean amounts to seeing the

fast and simple matter once keyframe production has occurred. ~ image as it would appear in lighting. = Now/> a -n "s;.
The ¢l . h . . . . Thus under the common “gray-world” assumption, every image
e clustering method we adopt is a variant of hierarchical goes into the same lighting.

clustering [17], adapted to video. Firstly, only adjacent frames are ™ ging overto a 2D chromaticity, g) = (R, G)/(R+G+B)
merged, as we wish to maintain the temporal order of keyframes ro 65 the shading teran-n © as well, and thus removes the ef-
in & video summary (as opposed to discarding temporal order, gt of lighting direction. Here, for reasons discusseginwe ac-

in [18]). This permits an efficient data structure for the clustering y,41v use a spherical chromatici —(R.OV/VER2 -2 ¥+ B2
tree and distance matrix. Also, an initial clustering is followed by y P b.9) = (1. &)/ LR

an additional step on clusters found, marking some keyframes as2.2. Universal basis

representing near-repeated shots. Because we reduce all images to approximately the same color
domain, we can calculate offline a basis on which to project each
video frame. In [11] we used a wavelet-based compression method,
applied to histograms as if they were images.

Since every image lives in approximately the same lighting,
after our normalization steps, we can in fact precomputasis

This efficiently provides a further pruning step that has the
effect of merging similar shots. The result is a set of frames that
provide both an intra- and inter-shot representation of the video. A further low-pass filter was applied by forming the DCT
Further, the second, cluster-merging step, automatically providesirnage of the resulting histogram, and truncating. However, that

the structure for a graph-based representation of the video. Detail§nathod can be improved in several substantive ways. Firstly, con-

are given irg3. sider the128 x 128 2D chromaticity histogram in Fig.3(b) that
The threshold we use to control the number of clusters is the arises from the video frame in Fig.3(a). The original image es-

variance ratiq this is efficient to compute and is adaptive to dif- sentially consists of only a few uniformly-colored patches and so

ferent videos. We can efficiently calculate variance for all sub- produces a histogram comprising a few sharp spikes. As a conse-

clusters (maintained in the hierarchical tree structure) and thresh-quence, the wavelet-based compression gives rise to some nega-

old on the ratio of intra-cluster variance to total variance. We find tives, as in Fig.3(c).

that a universal threshold @f -z = 0.25 variance ratio performs A more well-behaved compression results if, instead, we re-

quite well. place the histogram withlainarizedone, i.e., with entries either 0

or 1. In a sense, this shows a kind of codignaturefor the im-

age, like a color palette. Now the wavelet-compressed histogram

appears as in Fig.3(d): the percentage of negative counts in the

histogram have gone from 8% in Fig.3(c) to only 1% in Fig.3(d).

As well, the DCT produces better energy compaction if we go

r to a nonlinear definition of chromaticity, based on squared

While boundary detection is simply quantified, testing perfor-
mance for keyframe extraction involves a comparison of keyframes
generated to those thahouldbe generated, and for ground truth
we must here rely on human opinion. With that proviso, we find
that the method presented here does agree well with human notion%ve
of what frames most expressively summarize a video sequence.



(or higher) powers of pixel valuest, g) = (R, G)/(RF + G? +
Bp)l/P. The reason is that, since linear chromaticity obeys
g < 1, there can exist a straight diagonal edge in a chromaticity
histogram, as in Fig.4(b), which arises from the image Fig.4(a).
The DCT image for this histogram shows a ringing effect. In terms

5. Hierarchically merge non-adjacent non-tiina clusters
that result in lower variance: if cluster AB’s variance is
lower than either cluster A or B, then the two are merged.

6. Finally, one keyframe closest to its cluster centroid is ex-
tracted from each redting cluster.

of a spherical definition of chromaticity (with = 2), the straight 4. RESULTS

edge_is replaced by a circle, in Fig.4(c), and_ the ringing_disappears,rable 1 shows results for the algorithm compared to the algorithm
Figs.5(a,b) show the spherical chromaticity color signature for j, 51 45 specified there. Not only are the summarizations much

the image in Fig.3(a), and the resulting DCT image for the com- 516 syccinct, they are correctly unresponsive to changiéa-in
pressed h!stogram: the DCT is quite concgntrated. ) mination, and also agree very well with human summarizations.
As a final step, we form the SVD basis for the first 21 DCT | general, even given perfect transition detection, the method [5]
coefficients, in zigzag order, for a large training set of images. We generates too many keyframes whereas the present method does
found that12 basis vectors suffice quite well for DCT images of ot without perfect trarison detection, [5] misses many more
videos we examined. keyframes than the present method. Results may be viewed at

http:/iwww.cs.sfu.catmark/ftp/Ismip00/ .
3. CLUSTERING INTRA- AND INTER-SHOTS 5. CONCLUSIONS

3.1. Clustering strategy Results produced are excellent, yielding a very succinct summa-
Fig.2 shows the clustering scheme we use. We cluster using therization that agrees well with human expectations, with almost no
12 -vector features outlined above. Augh these vectors are redundancy and very few misses. The success of the method de-
longer than those used in [5], they carry much more information pends on both the new approach to color histograms and the multi-
about the video than do the 2-vectors used there since they arestage hierarchical clustering algorithm.

grounded in a physics-based vision approach that arises from the  However, we did find that wipe transitions becomes clusters
underlying physics of color formation. on their own and thus create keyframes which are redundant or

To begin with, we compute th&2 -vector features for each  “half-wipe” frames. We intend to pursue this problem, applying

frame, projecting onto a pre-determined basis. Because the feathe wipe detection in [21]. Misses mostly occur when the new

ture space is relatively low-dimensional, and especially becausescene’s colors do not vary enough from the previous scene.

we merge only adjacent frames, frame clustering is very fast. With
buffering, this means that we could effectively carry out clustering
on data from a temporal window of streaming video, presenting
only keyframes to the user.

Only adjacent clusters are merged. The threshold used is the
Variance Ratio = (intra-cluster variance)/(total variance). As well,
we apply a minimum variance threshold. The reason for this is that
we found that if the entire video consists of only one scene, the ra-
tio becomes meaningless. To fix this, we introduce a minimum
variance threshold that would identify such uniform videos. For-
tunately, these kinds of videos contain total variance that is usually
much smaller than those of complex videos (by about a factor of
20). Thus we are able to select a global threshold that can work on
most types of videos.

Finally, we carried out a second clustering step, on the clusters
found. This has the effect of dropping whole shots that are near-
repeats, as in the sequence ABCADEF.

3.2. Clustering algorithm
In detail, the steps used are as follows:

1. Perform bottom-up hierarchical clustering using minimum
L. distance between cluster means. Only adjacent clus-
ters are merged. Spherical clusters containing contiguous
frames are produced.

. Extract top-level clusters that satisfy both the variance ratio
threshold (intra-cluster varianced)t» < (total variance)
and the minimum variance threshold. This gives us an ini-
tial set of clusters.

. Merge adjacent itial clusters that satisfy thresholds. This
step is needed to correct errors in the greedy hierarchical

clustering algorithm in step 1: we merge similar adjacent [10]

clusters that were splitin the early rounds.

size< 3 are merged and marked as a transition.

. Detecttransitions and mark them: all contiguous clusters of [11]
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Video(#Frames)

Method

| Correct| #Keyframes| Redundant Missed |

6 Short videos(1455

Signatures
Histint
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Signatures
Histint

Long Video(2004) (S

20
20
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16
81

Long video
Signatures
Histint

10
10

(897) (Basketball)

12
132

4
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0

Table 1. Keyframes generated, compared to algorithm in “Signa-
tures” indicates present algorithm. “Histint” indicates method in

[5], with £ = 3 andT. = 3000.
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Fig. 3. (a): Video frame. (b): Chromaticity histogram. (c): Com-
pressed histogram. (d): Binarized histogram, compressed.

Bnischewitz

Fig. 2. Clustering algorithm.

(d)

Fig. 1. Video with lighting change.

Fig. 4. (a):(ﬁ%age. (b): Linear@%romaticity. (@) Spherical chro-
maticity.
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Fig. 5. (a): Spherical chromaticity signature. (b): Absolute value
of DCT of compressed binarized histogram.



