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Abstract

We introducedeep shadow maps technique that produces fast,
high-quality shadows for primitives such as hair, fur, and smoke.
Unlike traditional shadow maps, which store a single depth at each
pixel, deep shadow maps store a representation of the fractional
visibility through a pixel at all possible depths. Deep shadow maps
have several advantages. First, they are prefiltered, which allows
faster shadow lookups and much smaller memory footprints than
regular shadow maps of similar quality. Second, they support shad-
ows from partially transparent surfaces and volumetric objects such
as fog. Third, they handle important cases of motion blur at no extra ] ) . ) .
cost. The algorithm is simple to implement and can be added easily Figure 1: Hair rendered with and without self-shadowing.
to existing renderers as an alternative to ordinary shadow maps.
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1 Intr ion through dense hair and fog.
troductio Compared to ordinary shadow maps, deep shadows have the fol-

Rendering hair, fur, and smoke is difficult because accurate self- lowing advantages:

shadowing is so important to their appearance [2]. To demonstrate o They support semitransparent surfaces and volumetric primi-
this, Figure 1 shows a small patch of curly hair rendered both with tives such as smoke.
and without shadows. Notice that the shadows cast by portions of
the hair onto itself have a great influence on the overall illumination e For high-quality shadows, they are smaller than equivalent
and apparent realism of the rendering. shadow maps by an order of magnitude and are significantly
Traditional shadow maps [11] need very high resolutions to cap- faster to access.
ture this type of self-shadowing accurately. Many more depth sam-
ples must also be accessed during shadow lookups to compensate
for the higher frequencies in the shadow map. This is especially ob-
vious in animations, where inadequate sampling resuftpankling
(a distracting artifact caused by rapidly changing noise pa_tterns). In addition, deep shadow maps can efficiently support high-
Furthermore, shadow maps cannot handle volumetric effects qyality motion blurred shadows. While this effect is also possible
such as clouds or smoke. Traditional approaches such as integratingyitp ordinary shadow maps, the large filter widths required have
the atmospheric density along each shadow ray are very inefficient, j5de this technique quite expensive in the past.
simply because there can be a large number of shadow tests along | the following section, we discuss previous work and explain
each primary ray. why traditional shadow maps are not appropriate for fine geome-
We propose a new type of shadow map to solve these problems,try sych as hair and fur. Section 3 defines deep shadow maps and
the deep shadow mapRather than storing a single depth at each presents algorithms for creating and using them, while Section 4
pixel, a deep shadow map storefactional visibility function(or describes their advantages and limitations. We then discuss some
simply visibility functior) that records the approximate amount of  of the more practical implementation issues, and present the results
light that passes through the pixel and penetrates to each depth. Thgrom several experiments.
visibility function takes into account not only the opacities of the
surfaces and volume elements encountered, but also their coverage
of the pixel's filter region. This allows deep shadow maps to ac- 2 Background and Related Work
curately represent the partial attenuation that occurs as light passes
Traditional shadow maps [11] are generated by placing a camera
*email: tdl@pixar.com, ericv@pixar.com (the shadow camengaat the light source origin such that the ob-
jects casting shadows are within the field of view. The result is a
rectangular array of pixels where each pixel stores the depth of the
closest visible surface. To determine whether a given pBirg in
shadow, it is transformed into the coordinate system of the shadow
camera and its depth is compared to the corresponding value from
the shadow map. Higher-quality antialiased shadows are possible
with percentage closer filtering®], which examines depth sam-
ples within a given filter region and computes the fraction that are
closer than a given depth This process relies heavily on stratified
sampling [7], both in generating the original shadow map and in
selecting a random subset of the depth samples for filtering.

e Unlike ordinary shadow maps, they support mip-mapping.
This can dramatically reduce lookup costs when objects are
viewed over a wide range of scales.




Vi Vi classic survey is [13]). Ray casting can generate accurate shadows,

. but on furry objects with millions of hairs it is too expensive in
terms of time and memory. This is particularly true when hair re-
ceives shadows from fog or smoke, since ray marching is performed
once for every hair sample. It is also difficult, other than by using
an expensive area light source, to “soften” shadows for artistic pur-
poses. In the case of standard shadow maps this can be achieved
by simply increasing the filter width. Kajiya and Kay used ray-cast
shadows on a volumetric hair representation [2], but their rendering
times were relatively long.

Another possible approach to hair self-shadowing is to precom-
pute the shadow density as a 3D texture. This technique has been
used with some success for clouésy [3]) and for hybrid volume
and surface rendering of medical datasets [5]. The main drawback
of this approach is that 3D textures have a relatively coarse resolu-
tion, and in particular they have limited range and low accuracy in
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Figure 2: Variance contributions to stratified samplinda) When a
single silhouette edge passes through the filter rem’b(nl,\ll/Z) sam-

ples contribute to the variance(b) When the filter region is covered z (which creates bias problems). A 3D texture with sufficient detail
with fine geometry, alN samples contribute to the variance, resulting to capture accurate surface shadows of complex geometry would be
in a much larger expected error. prohibitively large.

Multi-layer Z-bufferg6] andlayered depth imagg4.0] store in-
formation at multiple depths per pixel, but are geared toward ren-
dering opaque surfaces from new viewpoints rather than shadow

¢ evaluation. Keating and Max [4] apply multi-layer depth images to
the problem of shadow penumbras, but their technique otherwise
has the same limitations as ordinary shadow maps.

While shadow maps are very good for rendering shadows o
large objects, they do not work as well for finely detailed geom-
etry such as hair. This is because stratified sampling does not work
very well when there are many discontinuities crossing the filter re-
gion [7]. As a result, many more samples are required in order to 3 Deep Shadow Maps
reduce noise artifacts such as sparkling to an acceptable level.

To understand why this is so, consider Figure 2a. Here we show 3.1 Definition
an isolated silhouette edge crossing the filter region for a shadow ="
lookup, evaluated usiny samples jittered over &N x /N grid. A deep shadow map is a rectangular array of pixels in which every
The depth of each sample is obtained from the shadow map (whosepixel stores avisibility function Intuitively, a visibility function is
resolution may be much finer than the sample grid). Using per- defined by considering a beam of light that starts at the shadow cam-
centage closer filtering, each sample contributes either 0 or 1 toera origin and passes through the given pixel. The function value
the average shadow value depending on the relativaues of the at a given depth is simply the fraction of the beam'’s initial power
shadow map and the test poiRt that penetrates to that depth. Note that the beam is not necessar-

In this situation, observe that the only samples that contribute to ily square; it can be shaped and weighted according to any desired
the variance are the ones whose cells are crossed by the silhouettpixel filter. Figure 3 gives several examples, showing how visibility
edge. There are onlg( N1/2) of these, and further analysis [7] ~ functions can account for semitransparent surfaces, pixel coverage,
shows that the expected error in this cas@@i,\f*?’/‘*). Thus strat- and smoke. I_Each visibility fu_nction starts off with a value of 1, and
ification yields much better results near large silhouette edges thandecreases with depth as various types of blockers are encountered.

unstratified Monte Carlo sampling, which has an expected error of If all light is blocked, the function drops off to a value of 0.
O(N,l/z)_ To make this definition more precise, consider a ray that starts

In the case of hair or fur, however, the filter region is crossed by at the shadow camera origin and passes through the @gipj on

many silhouette edges (see Figure 2b). In this case, every one of thethe image plane. Some fraction of the light emitted along this ray

: : ill be attenuated by surfaces or by volumetric scattering and ab-
Ngel}\sflsif;ossTes by_an : dge, and fthe co;_respondlng expecte_? e(;ro}évorption. The fraction of light that penetrates to a given depth
is O( )- us in the case of very fine geometry, stratified 5y a5 thetransmittancer(z, y, z). We refer tor as atrans-

sampling is no better than unstratified sampling. mittance functiorwhen we wish to consider the transmittance at a
These error bounds have a dramatic effect on the number of sam-¢, 4 image poin(z, y) as a function of.

ples rhe_quired to reduc%noise b;aloglvagiven Fhresl;old. Forexample, " The yisibility function for each pixel is now obtained by filter-
t? achieve aré ezi(pecte er_rorl o g/"flr?pprox'mv;?g: 140 sam- ing the nearby transmittance functions and resampling at the pixel
ples are needed near an isolated silhouette, wiike 2500 sam- center. This is easier to understand if we restrict our attention to a

ples are required near a point that is 50% obscured by dense fur. particular depthe. The transmittance at every point in thilane
Furthermore, if the same amount of shadow detail is desired in both ;¢ given byr(z, y, z), and the visibility functiorV;. ; for each pixel
casesi(e. the same filter size in world space), then the underlying g gptained by,fiI{eri’ng these values- !
shadow map resolution must be increased by the same factor. To
gain any benefit from stratification, the shadow map would need L

)= [ seorrsosis

%—t,z)dsdt7

to be fine enough to resolve the silhouettes of individual hairs, and Vi ; (2
the filter region small enough that only a few edges cross it. Since
these conditions are rarely satisfied in practice, shadow maps for
high-quality hair rendering are typically large and slow.

We briefly mention some other possible shadow techniques (the

Where(i+§,j+ %) is the pixel centerf is the desired bandlimiting

pixel filter (centered around the origin), ands the filter radius.

This definition is similar to ordinary image filtering, except that it
1These estimates assume that the silhouette edge is horizontal and has applies to every value separately.

random vertical position, in which case the constant factors for the expected ~ Notice that visibility functions are closely related to thpha

error arel /+/6 and1/2 respectively. channelsused for image compositing. The alpha channel of an im-




(a) A stack of semitransparent objects (b) Partial coverage by opaque blockers (c) Volume attenuation due to smoke

Figure 3: Visibility functions in flatland. Each diagram shows a beam of light that starts at the shadow camera pegthe light source) and passes
through a single pixel of the deep shadow map, accompanied by that pixel's visibility fun@)ofhe beam’s power is reduced as it passes through
consecutive semitransparent surfacgs.The blockers are opaque, but each covers only part of the pixel's area; the emphasized segments of the function
correspond to visible portions of the blocke(s) Passage through smoke reduces the beam’s power in a more continuous manner.

age accounts for attenuation due to both semitransparent surfaces

and partial coverage of pixels, but is equal to the fraction of light 88, ) ) 834 ~HHH
blocked rather than the fraction of light transmitted. The alpha ( ( o -

channel also stores just a single value per pixel, corresponding to

; b
the light blocked at the plane = oo. Thus the relationship be- s @ " ®
tween visibility functions and alpha channels can be expressed as: T . 1 //\\

Qg5 = 1-— Vi,]-(oo) . l

A deep shadow map is equivalent to computing the approximate NC)
value of1 — « at all depths, and storing the result as a function of

z. In this way each pixel contains the combined attenuatonand ~ \ =~ ——— 77— -
coverage information for every depth. /

&)
3.2 Sampling T-—‘[\_‘.“

Inthis section we describe how deep shadow maps can be generated

using the_ faC|I|t_|es of any stz_;mdard renderer. Our strategy is simi- Figure 4: Constructing a transmittance function@@) The object in-
lar to ordinary image sampling. To generate a deep shadow Map, ersections along a given ray yield the surface transmittance function
we select a set of sample points across the shadow camera’s image s \yhich has a discontinuity at the depth of each surfgbThe ex-
plane (for example, 16 samples per pixel on a jittered grid). For tinction function is obtained by sampling the atmospheric density at
each sample point we determine the corresponding transmittance regular intervals along the ray(c) The extinction function is integrated
function, which describes the light falloff along a particular pri- and exponentiated to yield the volume transmittante (d) The sur-
mary ray. Finally, the visibility function for each pixel is computed face transmittance and volume transmittance are multiplied to obtain
by taking a weighted combination of the transmittance functions at  the final transmittance function for each ray.
nearby sample points.

We first describe how to compute a single transmittance func-
tion. Given an image pointz,y), we compute the surfaces and
volume elements intersected by the corresponding primary ray. The To estimate the volume transmittance, we sample the atmo-
surface intersections can be found using either a ray tracer or an orspheric density at regular intervals along the ray. Bathme sam-
dinary scan conversion renderer, and we assume that the propertieple has a depth value} and anextinction coefficient; that mea-
of volumetric objects can be evaluated at any points desired. The sures the light falloff per unit distance along the ray. We linearly
transmittance function at the poifit, y) can then be expressed as interpolate between these samples to yieldekinction function

the product of asurface transmittance functior® and avolume k (see Figure 4b). The fraction of light that penetrates to a given
transmittance functiom”, as described below. depthz is then given by the formufa

Surface transmittance is estimated using all of the surface in- Y s,
tersections along the primary ray @t, y). Eachsurface hithas a m(2) = exp(— [ w(z') d2') .

depth valuez; and an opacity);. These are composited in the usual
way, starting with a transparency of 1 and multiplying by O;

at each surface hit, to yield a piecewise constant functibfsee
Figure 4a). Notice that each surface hit generates two vertices wit
the samez value, in ci,réjer to represent the discontinuous steps as a
piecewise linear curve.The “vertices” atz: = 0 andz = oo are o A Y )
represented implicitly and are not part of the output. Ti = exp(=(zips = 2)(Rir1 + 10)/2)

Since this function is not piecewise linear, we approximate it by
evaluating the transmittance at each vertex of the extinction func-
ption and linearly interpolating. We do this by computing the trans-
mittance of each linear segment as

and compositing as we did for the surface transparencies, except

The wasted space in this representation is removed during the compres—,a; we interpolate between vertices rather than forcing discrete

sion phase, which approximates the average of many discrete steps with
a single linear segment. A true “step” in the compressed output function 3If the shadow camera is not orthographic, a correction factor is needed
would occur only for a surface exactly parallel to thg-plane. for each ray to account for the relationship between depth and distance.




steps. This yields the volume transmittance functidn(see Fig-
ure 4c). We then merge the surface and volume components by
multiplying them:

m(2) =7%(2) 7" (2)

(see Figure 4d). Since this function is again not piecewise linear,
we evaluate it at the combined verticesréfandr" and interpolate
linearly between them.

Finally, we describe how the transmittance functions are com-
bined to yield the visibility functionV; ; for an entire pixel. At
each depth the nearby transmittance functions are filtered just like
ordinary image samples:

Vij(z) = Y wemi(2), (1)
k=1

wheren is the number of transmittance functions within the fil-
ter radius aroundi + %,j + %), andwy, is the normalized filter
weight for each corresponding sample pdipt, yx). The result is

a piecewise linear function that has approximatetymes as many
vertices as the transmittance functions do. This function takes into
account not only the light attenuation due to semitransparent sur-
faces and fog, but also the fractional coverage of these features.

3.3 Compression

Visibility functions sampled in this way may have a large number of
vertices, depending on the filter radius and the number of samples
per shadow pixel. Fortunately these functions are generally quite
smooth, making them easily compressed. The compressed func-
tions are stored as an array of floating-point pairs, each containing
az value and a fractional visibility’.

It is very important that the compression method preserve the
values of important features, since even small errors ¢an lead
to undesirable self-shadowing artifacts. The method must also be
appropriate for the unbounded domaine [0,c0). These facts
preclude the use of compression methods based on a fixed or hier-
archical set of basis functions.f.a wavelet basis). It also implies
that theL; and L, error metrics are unsuitable, since visibility er-
rors are important even if they occur over a very small range of
values. Instead we use tlie, error metric (maximum error), and
compress functions using the simple greedy algorithm described
below.

Given a visibility functionV” and an error tolerance(see Fig-
ure 5a), our algorithm outputs a new visibility functibii such that

[V'(2) = V(2)| <e forallz
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Figure 5: Our compression algorithm(a) A piecewise linear curve
and an illustration of its error bound(b) Each input vertex defines a
target windowthat constrains the slope of the next output segm@nt.
The current slope range is intersected with each target window until it
would become empt{d) The output segment is extended to the current
z value with a slope equal to the midpoint of the current slope range,
and this process is repeated.

with each target window in succession until further progress would
make it empty (see Figure 5¢). We then output the line segment
with slope (my, + my;)/2 terminating at the: value of the last
control point visited. The endpoint of this segment becomes the
origin of the next segment, and the entire process is repeated. Note
that the midpoint slope rule attempts to center each segment within
the allowable error bounds.

This algorithm is fast, simple to implement, and requires con-

stant storage. Slightly better approximations could be obtained by

— ) doing a least-squares fit once thealues of the control points have
and wherd/” typically has a much smaller number of control points  peen chosen. However, the basic algorithm satisfies the given error
(F|gure 5d) The main feature of the algonthm isthatitis incremen- criteria and generates very good approximations in practice_

tal: It reads and writes control points one at a time in increasing
order, and requires only a constant amount of state information.

The basic idea is that at each step, the algorithm draws the 3.4 Lookups

longest possible line segment that stays within the error bounds
(similar to hitting a ball through as many wickets as possible in
a game of croquet). The origin of the current segment is fixed, and
we only need to choose the direction and length of the segment. To
simplify the implementation, we restrict the outpuvalues to be a
subset of the input values.

Let the origin of the current output segment(bg, V;'). At every
step we maintain the range of permissible sldpes,, m;] for the
segment. Each new control poifd;, V;) of the input functionV’
imposes a constraint on the current slope range by forcing the seg-
ment to pass through tharget windowdefined by the wedge from
the segment origin to the two points;, V; + ¢) (see Figure 5b).
The current slope range is initialized[teoco, co], and is intersected

Like textures, deep shadows are accessed by applying a reconstruc-
tion and resampling filter to a rectangular array of pixel values. In
our case the pixel values are obtained by evaluating the visibility
functions at a constant depth Given a point(z, y, z) at which

to perform the lookup and a two-dimensional filter kerifelthe
filtered shadow value is given by

2y wiiVig(2)
Zi,j Wi, j

V(z,y,z)

wherew; ; = f(i+ 3 —z,j + & — y) is the filter weight for pixel
(4, 7), and the sum is over all pixels within the filter radius.



Evaluating each visibility function requires a search through its ~ The compression ratios are even better when the visibility func-
data points to determine which segment contains the giweriue. tions are asymptotically piecewise smooth (which is the usual case).
This can be done using a linear or binary search, depending on theA simple Taylor series argument shows that in this case the com-
number of data points. In our implementation, we take advantage pression error decreases quadratically in the number of output ver-
of the fact that many shadow lookups are often done at nearby tices, so that functions can be compressed with a tolerance of
values by storing a pointer with each pixel to the most recently ac- O(N~*/2) using onlyO(N'/*) vertices. Thus deep shadow maps
cessed segment. On each lookup we search linearly either forwardare typically smaller than their regular counterparts by at least a fac-
or backward from this position in order to reduce the average cost tor of Q(IN®/*). This is a substantial advantage when many samples
of visibility function evaluations. per pixel are used (say = 250).

The main disadvantage of deep shadow maps is that they are sig-
nificantly more expensive to compute than a regular shadow map of

4 Discussion the same pixel resolution (because many more samples per pixel are
taken). This contradicts the conventional assumption that shadow

One of the main advantages of deep shadows over regular shado/f@P generation is cheap [9]. On the other hand, they are typi-
maps is that they support prefiltering. Each deep shadow map pixel €@lly no more expensive to compute than a shadow map with the
summarizes many individual depth samples in such a way that eval-S@me number of depth samples, and they are considerably cheaper
uating the visibility function at a given value is equivalent to per- 10 Store and access. Note that generating more depth samples is rel-
centage closer filtering all of the depth samples within the pixel's atively inexpensive in a scanline renderer, since it does not increase
filter radius (to within the tolerance used for compression). Pre- the shading cost. ) L )
filtering is important because accurate shadows require large num-_Another potential issue with deep shadows is bias. Because fil-
bers of depth samples, as we saw in Section 2. This is equally true'€/ing is performed at a constantlepth, large objects may suffer
for both ordinary shadow maps and deep shadow maps. frpm incorrect self-shadowing. Although this artifact also occurs
Although deep shadows do not reduce the number of depth Sam_Wlth normal shadow maps, deep shadows exacerbate the problem

ples that must be taken from the scene, they greatly reduce thebecause they encourage the use .Of large fllterwldths.

amount of data that must be accessed during filtering. For example, HOWEVer, itis important to realize that the bias problems are no
recall that in order to compute a shadow of dense hair with an ex- worse _than they Wogld _be' fof an ordinary shadow map at the same
pected error of 1%, approximately = 2500 samples are needed.  [Iter width. The main limitation of deep shadow maps compared
Using a deep shadow map with 250 samples per pixel, we would to high-resolution ordinary shadow maps is that the minimum filter

need to filter onlyN = 10 pixels to achieve the required accuracy. width is larger (because each deep shadow pixel summarizes many

Furthermore deep shadows can be mip-mapped (see Section 5.:,,)depth samples). However, this can be considered an advantage: It

; . —“provides deep shadows with an extra degree of freedom to control
Zgg;g::sa;vc;:ﬁigzefli?tzvrv\?viﬁﬂg';eré) Cgr; lg(r)g:tant number of pIXeIthe tradeoff between shadow detail and noise. The deep shadow

o resolution should be chosen according to the minimum filter width
Prefiltering not only makes shadow lookups faster, but also al- 9

lows deep shadows to be much smaller than the equivalent high-deswed e shadow detail), while the number of samples per pixel

resolution depth map. This is an advantage when deep ShadoWshould be determined by the maximum acceptable noise. This strat-
- : h llows th h samples th re requir nly for r
maps are written, stored, and cached in memory. Note that the ad_egy allows the depth samples that are required only for accuracy

" f orefilteri letely d dent ““purposes to be represented very compactly, with bias problems that
vantages ol prefiitering are completely dependent on COMPression. 5 q g \worse than they would be for a regular shadow map of the
If we did not compress the visibility functions at all, then each pixel

would contain the data from all the underlying samples and would same pixel resolution.
not be any smaller.

Fortunately, at any sampling rate there is an error tolerance 5 |mp|ementa_tion Issues
that allows significant compression without compromising shadow
quality. Specifically, recall from Section 2 that shadows of detailed 5.1  |ncremental Updates
geometry have an expected error@fN~'/2), where N is the L o ) )
number of samples per deep shadow pixel. This error is a measureReca” that each visibility function is defined as the weighted av-
of the noise inherent in the sampled visibility function. Since there erage ofn piecewise linear transmittance functions, according to
is no point in preserving noise, this suggests tﬁaN—l/2) is a equation D). The ngé way to generate _thls function is to sort all
sitable tolerance for compression. The tolerance we actually use©f the input vertices and process themiorder, evaluating the

: o . . contributing functions at each vertex. Unfortunately this approach
Irf]zggzn?t/ufof\)lv Ql/i?lﬁs 4about half of the maximum expected noise hasO(n?) complexity: there arg(n) input vertices, and)(n)

. . work is needed to compute the weighted average at each one. This
Using this tolerance, we can show that deep shadows are asympis quite inefficient when large numbers of samples per pixel are

totically much smaller than regular shadow maps. Since each visi- ;geq.

bility function decreases monotonically from 1 to O (assuming that  |nstead, we describe ab(nlogn) sweep algorithm that has a

the filter function has no negative lobes), and the function decreases;gnstant update cost per vertex. The algorithm is easier to under-

by at least the compression tolerance at each vertex, the compressediand if we first suppose that the transmittance functions are piece-

function can have at mogd(N'/?) vertices. The corresponding  wise constant. In this case, we can efficiently compute the output

regular shadow map us€X N) storage for the depth values ineach  function as follows. Az = 0, the weighted average is easily com-

pixel, and so the deep shadow map must be smaller by at least a facputed asV’(0) = 1. We then process all of the input vertices in

tor of Q(N''/?). increasingz order, which can be done B(log n) time per vertex

by storing the next vertex of each transmittance function in a heap.
“Recall that the expected error is onfy(N—3/%) when the shadow  For every vertex, we update the current slinby simply subtract-

geometry is simple, which suggests that a compression tolerance of ing out this transmittance function’s old contribution and adding in

O(N—1/2) is too large in this case. But sind§ must be chosen large its new contribution. That is,

enough to control the noise artifacts in the worst-case pixels, there is little

benefit to compressing more accurately than this. V' =V+ wj (T]{ —75)




wherew; is the filter weight for the chosen transmittance function, a table indicating the starting position and size of every pixel. Tile
7; is the old value of this function and is its new value. caching is handled by providing a fixed number of tile slots; when

This method can be extended to piecewise linear functions by a tile fault occurs, the slot chosen for replacement is resized if nec-
using a similar technique to keep track of the output function’s cur- essary to hold the incoming tile. In this way, each tile slot grows
rent value and slope. The update for each vertex consists of twoto accommodate the largest tile it has seen. (Optionally the tile
steps: First, we extend the output function (using its current posi- slots could also be resized when the incoming tile is significantly
tion and slope) to the value of the next input vertex, and then we smaller.)
update the current output slope using the method described above.

(Ver_tl_cal steps are handled as a special case, by updating the currené.5 Motion Blur
position rather than the current slope.)

This technique is much more efficient than computing the It is easy to support motion blur in deep shadow maps by simply
weighted averages directly, and makes the algorithm practical evenassociating a random time with every shadow image sample (and
when very large numbers of samples per pixel are used. Note thatits corresponding transmittance function). When these samples are
all of the transmittance functions do not need to be stored simul- averaged together into visibility functions, they account for the av-
taneously as the deep shadow map is rendered; it is sufficient toerage coverage over time as well as over the image plane.
store only the previous several scanlines, as determined by the filter \While motion blur is also possible with ordinary shadow maps,

radius. it is very expensive because of the large filter widths needed for
adequate anti-aliasing. Deep shadow maps do much of this filtering
52 Colored Shadows in advance, and thus reduce the number of pixels that need to be

accessed for each lookup.
Colored shadows are supported by simply encoding a different vis-  Motion-blurred shadows produced in this way are strictly cor-
ibility function for each color channel (one each for red, green, and rect only when the receiving object is stationary with respect to the
blue). The compression algorithm processes all the channels simul-shadow camera. In particular, moving objects cast incorrect shad-
taneously, and starts a new segment whenever any of the three funcews onto other moving objects (and onto themselves). This happens
tions would exceed its error threshold. The output is a sequence of because the deep shadow map effectively blurs an object’s shadow
tuples(z, Vg, Vi, V). Notice that with this representation, three-  over the entire shutter interval, allowing one object to cast shadows
channel maps are only twice as large as one-channel maps. onto other objects at a different times. However, even the ability to

To reduce storage even further, our format allows each pixel cast shadows onto stationary objects is useful, and the results are

to encode either one or three visibility functions depending on its often acceptable even when the receiving object is moving.
needs. If all three channels happen to be the same, we store only
one channel and set a flag indicating that this pixel is monochrome.

6 Results

5.3 Mip-mapping We have implemented deep shadow maps in a highly optimized
scanline renderer that also supports traditional shadow maps. We
present experiments comparing these two techniques in terms of
time and storage space. We also illustrate two additional capabili-
ties of deep shadows: volumetric shadows and inexpensive motion
blur

Since deep shadow maps are filtered like textures, it is straight-
forward to apply mip-mapping [12]. Starting with the highest-

resolution deep shadow map, each new mip-map level is obtained
by averaging and downsampling the previous level by a factor of

two. Each pixel is defined by taking the average of four visibility F.igure 6a shows a ball covered with 50,000 hairs. The individual

functions, and recompressing the resuit. hairs are significantly narrower than a pixel, and combine to form
To avoid the accumulation of too much error, the compression 9 Y i PIXEL, o .
tufts and curls of various densities. The scene is illuminated by

tolerance can be reduced on each successive level. For exam-three spotlights. each of which casts shadows
ple, if the error threshold is cut if half each time, the total error POtigNts, ’

will be at most twice that permitted for the highest-resolution map. We have rendered this scene under various cond_lt_lons to com-
This method corresponds to the analysis of Section 4, which sug- pare the performance of deep shadow maps with traditional shadow

) 179, maps. Figure 6b shows a magnified view of the shadow cast by the
gests that the compression tolerance shouldba~'/?) in the hainaII ?endered using &2 ><g512 normal shadow map. Shado&/
number of contributing depth sampl&s. The storage per sample '

. hat at levels. but si the functi b filtering was done using 16 samples per lookup on a jittered grid;
Increases somewnat at coarser |evels, but since the functions e'using more samples does not increase the shadow quality due to the
ing compressed are asymptotically piecewise smooth, their com-

70 1/4 ; - 2 coarse resolution of the underlying shadow map. This image has
pressed size i§)(N''") (see Section 2). This implies that the  gpyious noise artifacts that would be unacceptable if animated. In
number of vertices per visibility function doubles once for every qrder to eliminate these artifacts, Figure 6¢ was rendered using a
two mip-map levels, and that the full mip-map is approximately i x 4k shadow map with 400 samples per lookup for percentage
1/(1 — /2/4) = 1.55 times as large as the base level (rather than closer filtering. The noise artifacts are much improved, but shadow
the4/3 ratio for an ordinary mip-map). filtering times were much longer (559 secomdsl9 seconds). Fig-
Mip-mapped deep shadows are filtered just like mip-mapped tex- ure 6d was rendered using&2 x 512 deep shadow map with 256
tures, including anisotropic filters, lerping between levels, etc. [1]. samples per pixel (the same number of depth samples as the pre-
vious case). Even though the deep shadows were much faster (37
il ; seconds) and required only one-sixth the storage space, the shadow
5.4 Tiling and Caching quality is actually slightly better than thik x 4k shadow map im-
We store deep shadow maps in a tiled format, similar to those for age (because deep shadows consider every depth sample rather than
textures [8]. This lets us load and cache only the deep shadow maprandomly selecting a subset of them for filtering).
tiles that are actually accessed. Figure 7 summarizes the results of similar tests at various max-
One important difference is that unlike textures, deep shadow imum noise levels. Each row compares a deep shadow map to a
map tiles and pixels require varying amounts of storage in memory. normal shadow map with the same number of depth samples; in the
To deal with this, our file format includestide directorythat speci- deep shadow this was achieved by holding the resolution constant at
fies the starting offset and size of every tile. Similarly, each tile has 256 x 256 and adjusting the number of samples per pixel (as shown



(a) Ball with 50,000 hairs (b) 512 x 512 Normal shadow map (c) 4k x 4k Normal shadow map (d) 512 x 512 Deep shadow map

Figure 6: Hair ball and magnified shadows demonstrating noise from various methods.

Time (sec) Space (MB)

Samples Error Normal | Deep || Normal | Deep f)

2x2 | 25.00 % 34 45 0.34 | 049 S 15

4x4 | 12.50% 39| 46 1.34| 0.79 g

8x8 6.25 % 60 45 534 | 1.18 ) . ---theoretical
16x16 | 3.12% 145 46 21.34| 1.53 S "/ — observed
32x32 1.56 % 554 46 85.34| 1.84 g /
64 x 64 0.78 % 2414 45 341.34| 2.20 9’ 5

T

T T T T
1000 2000 3000 4000

Figure 7: Comparison of deep shadows and normal shadows for the :
depth samples per pixel

scene in Figure 6. The error column shows the expected érigh/ N

associated with the given sampling density.
9 Ping 4 Figure 8: Theoretical and observed growth rates of deep shadow maps.

(The theoretical growth rate ab(N'1/4) is taken from Section 4.)

in the first column). This column also represents the number of
samples used for normal shadow map filtering, chosen to achieve
the same accuracy as the deep shadow map at its minimum filter
size. The second column shows the corresponding worst-case ex-
pected error level of.5/+/N; the deep shadows were compressed
using an error tolerance of half this amount. All tests used the same
absolute filter width, equal to the pixel size 0286 x 256 shadow

map. The shadow evaluation times were measured by rendering an 8 Enfadiafainiafifffh sl —

image using each technique and subtracting the time for an image * iter width e

without shadows.

Observe that normal shadow maps become much more expen- Figyre 9: Filtering time as a function of filter width (expressed as a
sive as the error threshold decreases, while the deep shadow map fraction of the shadow map size). While both methods access a constant
filtering times are virtually constant. Normal shadow maps are only  number of pixels per lookup, larger filter widths result in worse cache
faster atd x 4 and fewer samples, sampling rates that are much too  coherence for normal shadow maps and slightly better cache coherence
low for use in animations. In our implementation deep shadows for deep shadow maps.
have not been as extensively optimized as normal shadow maps, and
it is likely that further speed improvements will be found. Shadow
generation time was similar for both methods and is not shown; the

compression overhead for deep shadows was negligible. for the normal shadow map grows rapidly with the amount of blur,
Notice that deep shadow maps grow very slowly in size as the er- even though the number of filter samples was held constant &t
ror threshold decreases. The deep shadow sizes do not include mipThis can be attributed to worse cache performance as the filter re-
map overhead, which would make them approximately 1.5 times gion spans larger and larger portions of the shadow map. With the
larger (see Section 5.3). Figure 8 plots the growth of the deep deep shadow map, on the other hand, mip-mapping allows the filter-
shadow map size with respect to the number of depth samples pefing times to be virtually constant. (In theory the cache performance
pixel. About 40% of the pixels in this deep shadow map contain of deep shadows is actually better at very large filter widths, since
hair, while the rest contain simple geometry. Notice that the aver- the lower-resolution mip-map levels contain fewer pixels.)
age number of vertices per compressed visibility function closely  Figyre 10 illustrates the importance of self-shadowing to the ap-
matches th& (N''/*) behavior predicted in Section 4. pearance of volumetric objects, while Figure 11 demonstrates that
Figure 9 shows how both methods perform when a fixed accu- a single deep shadow map can be used for both volumetric and sur-
racy is desired, but progressively larger filter widths are applied. In face shadows. Finally, Figure 12 demonstrates the artifacts that oc-
this case the number of filter samples for normal shadow maps cancur when shadows are not motion blurred; this effect appears as
be held fixed. A single shadow map of each type was rendered tostrobing when animated. Unlike normal shadow maps, deep shad-
support the smallest desired filter size, and the same shadow mapsws allow motion blur to be added without incurring an extra filter-
were used to render progressively larger blurs. The filtering time ing cost.

=
1

—normal
----deep

time (seconds)
g




Figure 10: Cloud with and without self-shadowing.

Figure 11: A cloud with pipes. Notice the shadows cast from surfaces
onto volumetric objects and vice versa. A single deep shadow map

contains the shadow information for the cloud as well as the pipes.

7 Conclusion and Future Work

A nice feature of deep shadow maps is their generality: they support
ordinary surfaces, volumetric objects, dense fur, and even motion
blur, effects that would normally be handled using different tech-

nigues. With deep shadows they can all be combined in a single

Figure 12: Rapidly moving sphere with and without motion blur.
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