Scalable and Interactive Segmentation and Visualization
of Neural Processes in EM Datasets

Won-Ki Jeong, Johanna Beyer, Student Member, IEEE,
Markus Hadwiger, Member, IEEE, Amelio Vazquez, Student Member, IEEE,
Hanspeter P ster, Senior Member, IEEE, and Ross T. Whitaker, Member, IEEE

Fig. 1. NeuroTrace allows neuroscientists to interactively explore and segment neural processes in high-resolution EM data.

Abstract —Recent advances in scanning technology provide high resolution EM (Electron Microscopy) datasets that allow neuro-
scientists to reconstruct complex neural connections in a nervous system. However, due to the enormous size and complexity of
the resulting data, segmentation and visualization of neural processes in EM data is usually a dif cult and very time-consuming
task. In this paper, we present NeuroTrace, a novel EM volume segmentation and visualization system that consists of two parts:
a semi-automatic multiphase level set segmentation with 3D tracking for reconstruction of neural processes, and a specialized vol-
ume rendering approach for visualization of EM volumes. It employs view-dependent on-demand Itering and evaluation of a local
histogram edge metric, as well as on-the- y interpolation and ray-casting of implicit surfaces for segmented neural structures. Both
methods are implemented on the GPU for interactive performance. NeuroTrace is designed to be scalable to large datasets and
data-parallel hardware architectures. A comparison of NeuroTrace with a commonly used manual EM segmentation tool shows that
our interactive work ow is faster and easier to use for the reconstruction of complex neural processes.

Index Terms —Segmentation, neuroscience, connectome, volume rendering, implicit surface rendering, graphics hardware.
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1 INTRODUCTION

The reconstruction of neural connections to understand the functiorscopy (EM), reconstruction of complex 3D neural circuits from

of the brain is an emerging and active research area in bioscience thege volumes of neural tissues has become feasible. Among them,
is often calledConnectomic§28]. With the advent of high-resolution however, only EM data can provide suf cient resolution to identify
scanning technologies such as 3D light-microscopy and electron synapses and to resolve extremely narrow neural processes such as
dendritic spines of roughly 50 nm in diameter. Current EM technolo-
gies are able to attain resolutions of 3-5 nanometers per pixel in the
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enough to deal with common artifacts of real datasets, such as noise









Fig. 4. Active ribbon with image correspondence force. Left: Input im-
age. Middle left: Segmentation using active ribbon on the current slice.
Middle right: Incorrect initial position of active ribbon on the next slice
(projection along z-axis). Right: Correct active ribbon position using
image correspondence force.

Fig. 5. 3D segmentation in progress. Green: 2D level set segmentation
but a single level set on two different images. Thus we can de ne tléneural membranes. Red: 3D centerline tracking.
level set function fof j+ 1 that minimizesE; as follows:

df 41 + X Feifif iy 1) = 0; @ 4.3 GPU Implementation

d Our GPU level set solver updates the level set only in active regions
. ) . using a block-based narrow band proposed by Lefohn et al. [16]. A
whereFc is the image correspondence speed giila level set pa- gjight difference is that we collect all the blocks within a user-de ned
rameter. The image correspondence sggedan be de ned using the parrow band size, where the minimum distance to the zero level set of
gradient ofg; with respect td as follows: each block is computed in the redistance step without explicitly check-
ing the activation of neighboring blocks. The main level set update
sign(fi+1 ®)ifis1 B process consists of four steps: (1) Form the active list by collecting
N : ®)  the ac_tive block_s. (_2) Iteratively update the level set on ez_ich a_ctive
block in the active list up to the pre-computed number of iterations
. : . (based on the narrowband width). (3) Recompute the distance from
The image correspondence spéed:an be integrated into the level the zero level set. (4) Stop if the level set converges to a steady state

set equation 1 like other speed fun_ctions_. In our implementation, \8F the maximum number of iterations is reached. Otherwise goto (1).
gradually decrease as the level set iteration proceeds so that the en- The active list is a one dimensional array of unsigned integers. The

tire active ribbon can move towards the correct location of the targ? lement in this list is the total number of active blocks, and the rest

membrane at the beginning, and then becomes more stable at the )t Ihe array contains the active block indices. To manage the active list
such that the ribbon boundaries can close in on the membrane bou Liently, we store it entirely on the GPU. The only interaction be-

aries. Figure 4 shows the robust transition of the active ribbon betw ) ; h X
slices with the image correspondence force. SWeen the CPU and the GPU is copying the rst element of the active

list from the GPU to the CPU. Then the host code launches a CUDA
] ] kernel with the grid size equal to the total number of active blocks. The
4.2 3D Centerline Tracking size of a CUDA block is the same as an active block for our level set.

To deal with non-axis aligned neural processes, we implemented’sh® CUDA kernel, the global memory address is computed by off-
tracking algorithm that follows the centerline of the process. Eveitting from the base address using the active block index. Managing
though tracking a centerline through membrane centers may seltlp active list, i.e., adding new active blocks and removing non-active
straightforward, it is not simple in our case because we do not knd4PCks, can be achieved using the atomic hardware operators of recent
membrane locations in advance. In other words, even though the dyi¥!DIA GPUs without using additional stream compaction processes.
rent slice position and segmentation are given, we do not know t}§¢ ¢an compute the minimum distance to the zero level set for each
position and segmentation of the next slice. block using parallel reduction. If the minimum distance is smaller than

; ) ‘the user-de ned narrow band width, the total number of active blocks
To tackle this problem, we propose a two-step method that consngfg creased by one usingAtomicAdd() . Then the current block

of estimation and correction steps. In the estimation step, the tangb°rh h . - .
directionV; at the last center point is computed using a one-sided nit c;f;x is stored at the end of the current list using the index returned by

difference method. We also keep the previous tracking direatjpn t%e atomiﬁ oper_atolr_. i f d th h block in the i b
The new tracking direction is then the weighted average between th%sé)zcetl(.e?ct{ve |s:j|s orrg.e L er;]eaqd hO(]f h'nt e list cban de Ep'
two vectors:V = wVp+(1 W)\ (Figure 3 right). The weight ated multiple times depending on the width of the narrow band. For

controls the amount of history used to determine the current trackifif2mpIe. if the grid spacing is 1 and the width of the narrow band is
direction. We typically use a value @f = 0:9 for smooth transition 10, then we can safely update the active blocks in the current active list

between slices. 10 times without refreshing the active list (i.e., explicitly checking the

. L -)activation of the blocks). This is because the CourantFriedrich-
Once we compute a new tracking direction, a temporary new cen%%%wy (CFL) condition [26] guarantees that the maximum deforma-

positionGi. , of the next shcg can be.estlm.ated _by S'mP'e extrgpolgﬂqﬂon incurred by a single update of the level set cannot be greater than
asG.1 = G+ dV, whered is the pixel width (i.e., grid spacing) in the grid spacing. The level set update is done using a Jacobi update
order to move no more than one pixel distance per estimation st@fthod, and communication between block boundaries can be handled
The local frame of the previous slice is then projected onto the N§Wiplicitly by calling the new CUDA kernel for each level set update
plane de ned by the centd,. 1 and the normaV. A new 2D slice is pecause the new solutions are written back to global memory after
resampled from the volume data using the new local frame and us&gth update.

for segmentation. Finally, in the correction st&p, 1 is replaced by In extending the single level set method to multiphase level sets we
the correct center of the segmented neural membf@ne, Figure 5 need to evaluate the correct distance between two level sets to keep
shows an example of 3D centerline tracking and segmentation usthg topology of the active ribbon consistent. However, the active rib-
NeuroTrace. bon does not guarantee the correct distance after deformation due to

FC=




the combination of various force elds. Therefore, we recompute thgior to calculating the local histogram-based edge metric. We per-
distance eld for each level set when the list of active blocks is ugferm the lItering only on those blocks that were marked as visible
dated. Note that we need to redistance not only on the active lists b are not present in the cache yet. We have implemented 2D and 3D
the complete level sets because the level sets may not share the saméssian, mean, non-linear median, bilateral [31], and anisotropic dif-
active list unless they are very close to each other. To quickly compttesion lters [22] with user adjustable neighborhood sizes. Especially
the distance elds we employ the GPU-based Eikonal solver by Jeongn-linear lters have shown good noise removal properties without
etal. [12]. degrading edges in the EM data [30]. Our main objective, however,
We implemented the nonrigid image registration method usingas to develop a general framework for noise removal, where addi-
semi-implicit discretization as a two-step iterative process, updatitignal lters could be added easily. The results for each processed

and smoothing the vector eld as follows: block is stored in the cache and used as input for the edge detection
B algorithm.
v v+dt(liza FNR (6) . .
G2v: ) 5.1.2 Local Histogram-based Edge Detection

We use a local histogram-based edge metric to modulate the opacity of
whereG is a Gaussian smoothing kernel. Equation 6 is a simple Euldre EM data during raycasting. Boundaries in the volume get enhanced
integration that can be ef ciently mapped to the GPU. To interpolat@hile more homogenous regions are supressed. This helps the user
the pixel valuest andNf on locations de ned by we use texture in navigating through the unsegmented dataset and in nding regions
hardware interpolation on the GPU. Texture memory is cached, soMpere a segmentation should be started. The edge metric is computed
is ef cient for locally coherent random memory accesses. To spe@aly for visible blocks that are not stored in the cache yet.
up the 2D Gaussian smoothing in image space, we implemented a seéQur edge detection algorithm is based on the work of Martin et
quence of 1D convolutions using shared memory and apply them aloflg [19] who introduced edge and boundary detection in 2D image

x and y, respectively. based on local histograms. They did a thorough evaluation of different
brightness, color, and texture cues for constructing a local boundary
5 VOLUME VISUALIZATION model, which was subsequently used to detect contours [18] in natural

Volume rendering of high-resolution EM data poses several ch0ages. _ )
lenges. EM data is extremely dense and heavily textured, exhibits aln our local histogram-based edge detection approach we take a
complex structure of interconnected nerve cells, and has a low sigreck neighborhood around each voxel to calculate the brightness gra-
to-noise ratio. Therefore, standard volume rendering results in cigient for different directions. We separate the voxel's neighborhood
tered images that make it hard to identify regions of interest (ROIs) 8long the given direction into two halves and calculate the histogram
to observe an ongoing segmentation. in each hzalf_-space. Finally, the histogram difference is calculated us-
Our visualization approach supports the inspection of data prior f#9 thec = distance metric. A high difference between histograms in-
segmentation, for identifying ROIs, as well as the visualization of trféicates an abrupt change in brightness in the volume, i.e., an edge.
ongoing and nal segmentation (see Figure 2). To improve the visdne maximum difference value over all directions is saved as the edge
alization of the raw data prior to segmentation, we have implement¥é@lue in the cache block. As the neighborhood size for the histogram
on-the- y nonlinear noise removal and edge enhancement to Suppg,@{culatlon can be adjusted to match the resolution level of the current
the user in nding and selecting ROIs. Using a local histogram-basé&Put data, this approach scales to large data and to volume subdivision
edge metric, which is only calculated on demand for currently visichemes like octrees. Again, we have kept the implementation of our
ble parts of the volume and cached for later reuse, we can enhafége detection framework as modular as possible to support adding
important structures (e.g., myelinated axons) while fading out less ififferent edge detection algorithms in the future. During volume ren-
portant regions. During ray-casting we use the computed edge valgeging, we fetch at each sample location the corresponding edge value

to modulate the current sample's opacity with different user-selectafgd use it to modulate the sample’s opacity and/or color. Optionally,
opacity weighting modes (e.g., min, max, alpha blending). the user can rst use a windowing function on the calculated edge val-

ues to further enhance the visualization.
5.1 On-demand Filtering

The main motivations for on-demand ltering (i.e., noise removal ana'l'3 Dynamic Caching
edge detection) are the exibility offered by being able to change 7o improve the performance of our edge-based visualization scheme
ters and lter parameters on the y while avoiding additional disk storwe have implemented a dynamic caching scheme for storing on-the- y
age and bandwidth bottlenecks for terabyte-sized volume data. ‘A@mputed blocks. Two caches are allocated directly on the GPU, one
perform ltering only on blocks of the volume that are visible fromto store de-noised volume blocks and the second to store blocks con-
the current viewpoint, and store the computed data directly on the Gining the calculated edge values. First, the visibility of all blocks is
for later reuse. We have implemented a caching scheme for these piigdated for the current viewpoint in a rst ray-casting pass and saved
computed blocks on the GPU to avoid costly transfers to and froih @ 3D array corresponding to the number of blocks in the volume.
GPU memory while at the same time avoiding repetitive recalculatid¥ext, all blocks are agged as either: (1) visible, present in cache; (2)
of ltered blocks. During visualization we display either the originalvisible, not present in cache; (3) not visible, present in cache; or (4)
volume, the noise-reduced data, the computed edge values, or a cogi-visible, not present in cache. Visible blocks that are already in the
bination of the above. cache (agged with (1)) do not need to be recomputed. Only blocks

Our on-demand lItering algorithm consists of several steps: (13gged with (2) need to the processed. Therefore, indices of blocks
Detect for each block in the volume if it is visible from the currentagged with (2) are stored for later calculation (see Section 5.1.4).
viewpoint. (2) Build the list of blocks that need to be computed. (3puring ltering/edge detection the computed blocks are stored in the
Perform noise removal ltering on selected blocks and store them @®rresponding cache. A small lookup table is maintained for mapping
the cache. (4) Calculate the histogram-based edge metric on seled@iveen block storage space in the cache to actual volume blocks as
blocks and store those blocks in the cache. (5) High-resolution radescribed in [4]. Unused blocks are kept in the cache for later reuse
casting combining edge values and original data values. The detecti@gged with (3)). However, if cache memory gets low, unused blocks
of visible blocks (Step 1) is done either in a separate low-resolutiéfe ushed from the cache and replaced by currently visible blocks.
ray-casting pass or included in Step 5. i

5.1.4 GPU Implementation

5.1.1 Noise Removal After detecting which blocks need processing, a CUDA kernel is
Since EM data generally exhibits a low signal-to-noise ratio we hal@unched with grid size corresponding to the number of blocks that
integrated an on-demand noise removal lter step into our pipelimeeed to be processed. For simplicity we explain the implementation of






Fig. 7. Left: On-the-y interpolation between two elliptical cross-sections (ell;;elli+1), see Equation 8. Middle: Although this is an approximation
for non-parallel (nj;nj+1), the result is consistent and smooth over successive cross-sections of an axon. Gradients for shading are computed via
central differences in the resulting distance eld f (x). Right: Composite of elliptically-interpolated axon (left) compared to 2D segmentation results
in 3D (right).

ell(p) is interpolated between the nearest pair of elliggds; elli+ 1) stored at consecutive memory locations. Actual ellipse information
that enclosep. This pair is the one wherp is in the front halfs- (axon-ID,ci;qi;IiX;Iiy) is stored in a separate global ellipse array that
pace ofell;, i.e.,p nj > ¢ nj, and the back halfspace efii; 1, i.e., isindexed using these links. In order to allow multiple axons to inter-
p ni+1 < C+1 Nj+1. For interpolation, a parametar? [0;1] is re- sect the same block, multiple counts need to be stored in each block,
quired for a giverp, which we compute as follows: one per axon. Furthermore, all links in a block are pre-sorted such
thatci+1 nj > ¢ n;8i, i.e., each subsequent ellipse's center is in the

a= ko with ko = p n ke = P ni+1.ﬁ: Ni+Ni+1 | ) front halfspace of the preceding ellipse. This simpli es the run-time
ko+ kg nn' N Nix1 jini+ Nicqjj’ search for ellipse pairs needed for interpolation, as described above.

This block structure is also used for empty space skipping. Blocks

This is illustrated in Figure 7 (left). with no ellipse links do not need to be searched for implicit surface

We computea such that it is always 0 in the plane elf, and 1 in  intersections, and can be skipped entirely if they are transparent due to
the plane otll;, 1, which guarantees that successive segments betwdba transfer function.
ellipse pairs line up exactly. We require a vedbothat is guaranteed
not to be parallel to either ellipse, and compatas the ratio okg, the 6 RESULTS

distance fronp alongn to ell;, to ko + ki, the total distance between e jmplemented our segmentation and visualizations system on a
ell andell;; ; alongn throughp. We have chosen as the half-way windows XP PC equipped with quad-core Intel Xeon 3.0 GHz CPU,
vector betweem; andn;+ 1. This choice ful lls our requirements and 1 Gigabytes main memory, and NVIDIA Quadro 5800 and Tesla
yields smooth results. Another obvious choice wouldche c. ©1060 GPUs. We used a single CPU core and one GPU to compare
However, in our case this vector can be close to parallel tonthe the running time on each architecture. The CPU version is imple-
which can result in numerical problems in the denominatoig@ind mented using the ITK image processing library (http://www.itk.org).

ki (Equation 8). o ~ The main computational code is similar on the CPU and GPU for a
After a has been computed, it is used to obtail(p) as lin-  fajr comparison.

ear interpolation between the ellipse centers and axis lengths, yield-
ing cp, I’g, andl%, and spherical linear interpolation betwegnand 6.1 Segmentation

q'o"_l’ yielding gp. Then, p is prpjected_lnto the ellipse’s .plgne. The running time of the CPU level set solver for 100 iterations on a
p"=p np(p np Cp np). Fromthis, the distance valfieell(p);p” 512 512image is 7 seconds. Itis only 0.3 second on the GPU, which
is computed entirely in 2D in the plane of the ellipse. _ shows about 23 times speed-up. Our GPU image registration runs less
This approach gives completely accurate results for parallel ellipggyn a second on a 51512 image (500 iterations). The total running
planes, which is a common case in axon tracking where the plangge of our segmentation method per slice, without user interaction, is
are often orthogonal to theaxis. It is an approximate solution for oy ahout a second, which is suf cient for interactive applications.
non-parallel _plane§ that works well in _practlce. The angle betweenT, assess the performance of our segmentation method, we have
two successive ellipse planesandn;, 1 is always quite small, even segmented multiple axons in two EM datasets and measured the total
though the whole axon is allowed to curve signi cantly from the rstynq per-slice times, the amount of user intervention, and the ellipse
cross-section to the last. Figure 7 (middle) shows a close-up of an axih oximation errors. The rst dataset is an adult mouse cortex that
with no_n-parallel ellipse planes, which illustrates that our approaglynsists of 101 slices of 10081065 2D image, where each pixel
results in visually smooth results. has ve nanometers resolution and the section thickness is about 30
. nanometers. The second dataset is an adult mouse hippocampus that
5.2.2 GPU Implementation consists of 50 slices of 1278756 2D image, where each pixel is
In order to speed up nding the two ellipses nearest to a given gointfour nanometers wide and the section thickness is 29.4 nanometers.
in the CUDA ray-casting kernel, ellipses are sorted into a 3D blodkigure 8 shows 3D renderings of the segmented axons and Table 1
structure (e.g., 1blocks) before rendering that only needs to be upists the segmentation result for each dataset.
dated when new ellipses are added. Each block contains links (in-In the mouse cortex dataset, axons A to D were traced using only
teger indices) to all ellipses intersecting it. A single ellipse can texis-aligned tracking directions and axons E to H were traced using
linked to by several blocks, but during rendering only a single blockrbitrary tracking directions. All axons were traced along the z-axis
needs to be examined for each pgmnt In order to ef ciently han- in the mouse hippocampus dataset. Roughly between ve to ten per-
dle empty blocks, each block only stores the number of ellipses thagnt of the total number of slices were manually edited for correct
intersect it and a start index into a global array of links to ellipsesegmentation for the mouse cortex dataset, and up to 20 percent of
The array is packed tightly such that all links of non-empty blocks atbe total slices were edited on the mouse hippocampus dataset. Note



Fig. 8. Result images from NeuroTrace. Left: Volume rendering with edge enhancement in the upper part of the volume. Middle: Eight axons from
the mouse cortex dataset. Right: Eight axons from the mouse hippocampus dataset.

Mouse Cortex Mouse Hippocampus
Slices | Edits | Total Time | Compute Time| Ellipse Error || Slices | Edits | Total Time | Compute Time| Ellipse Error
A | 101 14 6mb50s 3mb59s 3.584 (3.98%)|| 50 4 2m27s 1m40s 7.014 (5.12%)
B | 101 12 5m24s 3m30s 7.468 (6.13%)|| 50 9 3m19s 2m2s 2.380 (2.73%)
Cc| 101 8 4mb54s 3m7s 5.407 (5.62%)|| 50 10 3m13s 2mls 4.292 (3.97%)
D | 101 11 5mlls 3m8s 5.115(5.13%)|| 50 4 2m18s 1m30s 3.534 (4.76%)
E 127 7 4m19s 3m2s 1.775 (2.46%)|| 50 6 2m28s 1m43s 1.819 (1.76%)
F| 121 4 4m42s 3mO0s 1.890 (3.01%)|| 50 11 3m47s 2m1i15s 0.773 (0.64%)
G| 105 15 5m20s 2mb52s 2.230 (2.66%)|| 50 9 3ml4s 2m1i15s 4.966 (3.37%)
H| 111 7 5m49s 3m35s 3.996 (4.28%)|| 50 8 2m49s 1m39s 0.630 (0.67%)

Table 1. Axon segmentation results for the mouse cortex and hippocampus datasets.

that the image resolution of our input EM data is up to a factor of vedges from axons are shifted by large amounts between slices. Even
higher than those used in previous work [13, 17]. The data contaiti®ugh our Itering and edge detection method works better than tradi-
more complex neural structures and is very challenging for automatéshal transfer functions, the results are sometimes still ambiguous and
methods. Total times and computing times are not signi cantly diffeconfusing, requiring closer inspection of the 2D slice views to identify
ent between axons, and about half of the total time is used for compne ROI.
tation.

Our ellipse-based 3D neuron representation can greatly reduce 8t® User Study

memory footprint. For example, for an axon of 350 nm diameter . . .
need about 70 70 pixels where the pixel width is 5 nm, which re\i\%e have conducted informal user studies of our segmentation method

quires 9800 oats to store two distance elds. In contrast, to represe‘iﬂtﬁssgzzntztemﬁ?g]'“t\%vgr;ilggtc:éiﬁi t%fs{\lsﬁg%zzﬁﬁ tbO{a?or'ITJVfl)gr(IE?(—lt
an equivalent 3D ellipse we only need to store nine oats, three &y : | .

center and six for two axis. This yields a compression ratio of mo eert 1 and 2) are expert neuroscientists, and the other four (Novice

than a factor of a thousand. Table 1 also shows the average dista] ég 4) are novices with no previous neural process segmentation ex-

between the ellipse and the membrane of neurons. The relative elli gé;etz(s:teél}/l\)/%gtos ngy\gzg t\évr?su:% ifvlgd:]eosv’i(\:,\égirt% ei‘;{(‘) rsr;ugg rﬁ}%‘#{s_d
approximation errors, shown in parenthesis, range only between .En of the sa{me axon (axl?)n E in the mouse cortex gataset ang axon A
to six percent of the longest axis of the ellipse, which is acceptabl'g

considering the high compression ratio we achieve. i the mouse hippocampus dataset). We measured the total time and
segmentation accuracy for both systems. We also received qualitative
feedback from the users.

To measure the segmentation error, we used the Dice metric [8] that
The pre Itering and edge-detection methods (Figure 9) were both it commonly used to quantitatively measure the accuracy of segmen-
plemented entirely in CUDA and achieve interactive framerates. Fiation algorithms [29]. The Dice metric measures similarity between
tering blocks on-demand and caching them for later reuse allows tin setsA andB using 2A\ Bj=(jAj + jBj), wherej j indicates set
user to change lters and lter settings interactively. Especially desize. In our caseA is the ground truth set of pixels, aflis the set
noising prior to calculating the edge metric improved the results coof pixels from the segmentation result. Dice values range between 0
siderably. The best results were achieved using anisotropic difiand 1, where 1 implies a perfect match. We compute the Dice value
sion ltering. For our local histogram-based edge metric we founfbr each 2D segmentation by comparing it to ground truth that was
a histogram with 64 bins to be suf cient for our data. Also, a simebtained by careful manual segmentation. Table 2 and 3 show the to-
ple average-based histogram difference operator showed good resaltsegmentation times and average Dice values, and Figure 10 and 11
compared to the computationally more comptgk distance metric. show plots of Dice values for each slice.

For our caching scheme we usetisSized blocks, but this can be ad-  For manual segmentation using Reconstruct there is no signi cant
justed according to the resolution of the data. At the moment our irdifference between the two groups in terms of the total time, but the
plementation of the cache is based on CUDA arrays, but in the futuesults from the novice users are less accurate than those of the ex-
we would like to use 3D textures to improve tri-linear lter perfor-pert users. In contrast, the results using NeuroTrace do not show a
mance during raycasting. signi cant difference between the two groups, and the novice users

The dimension of EM data is highly anisotropic, with z-slice disusually generated slightly less errors (higher Dice values) than the ex-
tances that can be a factor of 10 or more larger than pixel resolutiqgrerts (Table 2). That indicates that the semi-automated NeuroTrace is
This poses real problems for volume visualization, since the visibless prone to lead to human errors. In addition, NeuroTrace provides

6.2 Visualization



Fig. 9. Left: Volume Slab visualization; Top: Original data; Middle: Gra-
dient magnitude displayed on the top slice; Bottom: Local-histogram
edges; Right: Volume Rendering; Top: Original data; Middle: Gradient-
magnitude shaded; Bottom: Pre- Itering and edge enhancement with
opacity weighting.

Reconstruct [9] NeuroTrace
Time [ Average Dice| Time | Average Dice
Expert1 | 8 min 0.914696 | 5min 0.934154
Expert2 | 18 min 0.949794 | 5min 0.931165
Novice 1 | 7 min 0.900107 | 7 min 0.937665
Novice 2 | 17 min 0.903862 | 6 min 0.936873

Table 2. User study results from the mouse cortex dataset.

Reconstruct [9] NeuroTrace
Time | Average Dice| Time | Average Dice
Expert1| 6 min 0.954107 4 min 0.956324
Expert2 | 14 min 0.962313 4 min 0.955967
Novice 3| 9 min 0.952097 | 2.5min 0.955685
Novice 4 | 7 min 0.943439 | 3.5 min 0.954875

Table 3. User study results from the mouse hippocampus dataset.

tion of the segmented data” (Expert 2). The suggestions for improve-
ments include the addition of advanced user interface functions such as
browsing of neural tracks and editing previous history, and adaptation
to different data modalities, e.g., optical uorescent confocal micro-
copy. Our neuroscientist collaborators are currently using NeuroTrace
in their Connectomics research.

7 CONCLUSIONS AND FUTURE WORK

In this paper we introduced NeuroTrace, a novel interactive segmen-
tation and visualization system for neural processes in EM volumes.
The main contributions are a novel semi-automatic segmentation and
3D tracking method, ef cient volume rendering with on-the-y Iters

and edge detection, a scalable implementation of these methods on the
GPU, and a novel work ow that has been shown to be more accurate
and ef cient than current practice.

In the future we would like to implement a greater variety of |-
ters and edge-detection approaches (e.g., Canny edge detection). Also
we plan to automatically adjust pre-de ned lter settings and opac-
ity windowing function depending on the resolution of the input data.
The biggest challenge are the extremely large z-slice distances in EM
datasets. The integration of shape based-interpolation or directional
coherence methods into the volume rendering might be a promising di-
rection to solve this problem. We also would like to extend the current
segmentation and tracking method to handle merging and branching of
neural processes. Simultaneous tracking of multiple neural processes
in a GPU cluster system would be another interesting future direction.
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