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Abstract—Rapid advances in high-resolution, high-throughput
3D microscopy techniques in the past decade have opened up new
avenues for brain research. One such technique developed in our
lab is called the Knife-Edge Scanning Microscopy (KESM). The
basic principle of KESM is to line-scan image while simultane-
ously sectioning thin tissue blocks using a diamond microtome.
We have successfully sectioned and imaged whole mouse brains
and portions of a rat brain processed with different stains to
investigate the microstructures within. In this paper, we will
present a fully automated soma (cell body) detection method
based on random forests, working on Nissl-stained rat brain
specimen. The method enables fast and accurate cell counting
and density measurement in different brain regions.

I. INTRODUCTION

In this paper, we present a processing pipeline for fast
and reliable detection of cell centers in high-resolution, 3D rat
brain Nissl data. The detected cell centers can be used as the
starting point of many further analysis tasks such as counting
cells (cf. stereology [1]), studying their spatial distributions,
and cell segmentation.

The kind of high-resolution 3D data that we used in
this paper are enabled by advances in high-resolution high-
throughput 3D microscopy techniques. These techniques are
able to image whole small animal brains at sub-micrometer
resolution [2], [3], [4], [5], [6], [7], [8], [9], [10] (see [11] for
a review). Depending on the labeling method used, neurons,
cell bodies, vasculature networks, etc. can be observed through
these techniques.

One of the first such instruments that enabled high-
throughput, high-resolution imaging of whole brains is the
Knife-Edge Scanning Microscope (KESM) developed in our
lab [6], [7], [12], [2], [4], [5] (Fig. 1). The KESM is an
instrument for simultaneously sectioning and imaging fixed
and stained tissue embedded in plastic. The machine uses a
computer controlled three-axis stage to move the specimen
underneath a fixed knife, and a high-speed camera captures
images of the specimen as it is sectioned. The process enables
the capture of fully registered 3D stacks of optical images at
sub-micrometer resolution. Compared to processes providing
similar resolution, the KESM scanning is very fast, and enables
the capture of an entire small animal brain in a few days. Using
the KESM, we have been able to image the whole mouse brain
and part of the rat cortex stained in Nissl which labels the cell
bodies (Fig. 2) [4], [12]. The resolution of each voxel was 0.6
µm × 0.7 µm × 1.0 µm.

In this paper, we present a processing pipeline based on
random forests for the analysis of the KESM rat Nissl data.
First, a small number of samples are manually labeled to serve
as ground truth. Next, a series of random forest classifiers
are used to narrow down the cell-center candidate voxels.
Finally, the candidate voxels are put through a refinement
stage (using mean shift clustering) so that one voxel per cell
is identified as the cell center. The main novelty is the custom
feature windows used for rapid, successive refinement of the
results. Experiments on 6 data sets with each containing ∼200
cells resulted in F1 score of over 0.90, demonstrating the
effectiveness of our approach.

(a) KESM (b) KESM Imaging principle

Fig. 1: Knife-Edge Scanning Microscope. (a) A photo of the
KESM with its major components: (1) high-speed line-scan
camera, (2) microscope objective, (3) diamond knife assembly
and light collimator, (4) specimen tank (for water immersion
imaging), (5) three-axis precision air-bearing stage, (6) white-
light microscope illuminator, (7) water pump (in the back) for
the removal of sectioned tissue, (8) PC server for stage control
and image acquisition, (9) granite base, and (10) granite bridge.
(b) KESM imaging principle. [6].

II. BACKGROUND AND RELATED WORKS

A wide range of automated and semi-automated techniques
for detecting cells in images can be found in the literature.
Cell detection typically forms a part of the cell segmentation
process which attempts to determine the number of cells, their
spatial arrangement, shapes and extents. Due to the consider-
able variation in images obtained from different sources, no
single method has become dominant either for detection or
segmentation.

The primary goal of cell segmentation is to extract the
contours of cells in an image. A cell detection process can
involve segmentation as a first step, following which the



(a) Nissl volume (b) Nissl slice

Fig. 2: KESM rat brain Nissl data. (a) A 200 voxels × 200
voxels × 100 voxels volume with voxel size 0.6 µm × 0.7
µm × 1.0 µm. (b) A single 200 × 200 image slice from the
volume.

centers of the segmented cells can be returned as the detection
results. Numerous segmentation methods have been developed
for medical images, and are reviewed in [13], [14], [15], [16].
Approaches include simple image analysis techniques such as
thresholding and morphological operations; region segmenta-
tion techniques like the watershed algorithm, clustering, and
region growing; methods based on deformable models such as
active contours and level-sets; ideas from pattern recognition
such as artificial neural networks; and graph search techniques,
most prominently those using graph cuts.

Much of the early work in cell detection employed image
analysis techniques such as finding the peaks in a Euclidean
distance map of a binarized image [17]. More recently, Al-
Kofahi et al. [18] detected nuclei using the multiscale Lapla-
cian of Gaussian (LoG) where the distance map was used for
automatic scale selection. The Laplacian of Gaussian is an
operation that produces large responses at blob-like structures
in an image, and is used extensively for blob detection. Its
scale parameter determines the blob sizes it can detect. Al-
Kofahi et al. found shape and size cues from the distance map
to aid in selecting the scale parameter and detecting nuclei in
heterogeneous clusters.

Binarization is a key step in the above methods that use the
distance map and in many others [18], [19], [20], [21], [22].
The binary image must accurately separate the cells from the
background and preserve their outlines. Unfortunately, this is a
hard task for low-contrast images and can require sophisticated
preprocessing steps to be designed for the particular data
set. In the data considered in this paper, cell bodies and
the background have similar intensity values which makes
binarization difficult.

Algorithms which detect interest points based on shape
and symmetry have also been applied to cell detection. The
Hough transform can detect parametric curves such as circles
and ellipses and has been used for nuclei detection [23], but
is computationally expensive. Radial symmetry [24] of nuclei
was used to detect them in [25] and [26]. These methods need
several parameters to be specified for optimal results.

Pattern recognition is gaining a more prominent role in
cell detection. D’Souza used template matching followed by

refinement as part of a routine for cell detection in the KESM
Nissl-stained rat brain data [27]. A 3-D template of a typical
cell with size 25 × 25 × 7 voxels was applied on all voxels
in a subvolume. The maxima of the matching scores indicated
likely locations of cells. Template matching suffers when target
objects vary significantly in appearance or size. Matching
multiple templates or large 3-D templates can make results
more accurate but significantly slow down the process.

Artificial neural networks (ANNs) were used in [28] for
detecting cells in the KESM Nissl data. Principal component
analysis (PCA) was performed on intensities in orthogonal
cross sections of each voxel to form input vectors with 20
features. Similar features are used in the proposed method,
but without the PCA dimensionality reduction. The detection is
performed on a 2X downsampled input volume. This method
could achieve a recall of 82.4% and precision of 92.8%,
surpassing the performance of LoG blob detection and the
spherical Hough transform (see Table 1).

A similar set of features was used in [29], where the
reconstruction error of an input voxel from PCA basis vectors
determines whether it is classified as a cell center or off-center
voxel. Han et al. [30] used support vector machines (SVMs)
to detect nuclei in 2-D cell culture images. They used intensity
and gradient information in 20 × 20 pixel image patches as
features for an SVM classifier, achieving over 90% accuracy.
Other machine learning approaches such as convolutional
neural networks have also demonstrated excellent results in
cell detection [31], making this a very promising avenue for
exploration.

III. METHODS

We used a cascade of random forests to perform prelimi-
nary cell-center candidate detection. Mean shift clustering was
applied afterwards for the refinement of the results.

A. Data

The data under consideration are sampled from the so-
matosensory cortex of a rat brain. Voxel size is the standard
KESM resolution: 0.6 µm × 0.7 µm × 1.0 µm. Cell bodies
of neurons (3 shows an example) appear as irregular elliptical
structures with a dark boundary and a lighter interior region. A
nucleolus is typically visible as a dark speckle near the center
of a cell body. In this data set, the cell bodies have a diameter
of around 20–27 voxels in the x and y dimensions and 10–15
voxels in the z dimension. The variation between the axes is
due to the unequal physical dimensions of voxels along them.

Three volumes of size 200 voxels × 200 voxels × 100
voxels were used as training data for the cascade. The volumes
have complementary characteristics in terms of cell size and
density. Fiji [32], an image analysis platform, was used to mark
the centers of all cells in the three volumes. 396, 182, and 414
cell centers were marked in total, respectively.

To add robustness to orientation, more training data were
derived by flipping the original volumes about the coordinate
axes. Per volume, three derived volumes are obtained, corre-
sponding to the three axes. The cell center coordinates were
also transformed to match the new orientations. Twelve vol-
umes were therefore used for training (three original volumes
+ 3× 3 derived volumes).



B. Cell Center Candidate Detection: Cross-Section Extraction

For cell-center candidate detection, orthogonal cross-
sections of a small subvolume around each voxel was used to
classify it as a cell center or not. These cross-sections consist
of three 2-D image windows or patches centered at that voxel
(Fig. 3).

(a) Cross sections (b) xy plane (c) yz plane (d) zx plane

Fig. 3: Orthogonal cross sections of a cell. (a) Cross sections
in 3D context. (b), (c), (d) Views of the cross sections.

(a) Steps in the cell-center candidate detection cascade

(b) Operations in each cascade stage

Fig. 4: Cascade used for detecting cell-center candidates. Each
stage only operates on voxels accepted by its predecessor. The
resulting cell center candidates are processed with mean-shift
filters to obtain the final cell center locations.

Orthogonal cross sections are represented in this text as
(lx, ly, lz) where lx, ly , and lz are the lengths along the x, y,
and z axes. Without removing duplicates, the number of voxels
in these cross sections is lx× ly + ly × lz + lz × lx. The entire
cuboid, on the other hand, would contain lx × ly × lz voxels.

Based on typical cell diameters mentioned earlier, a cell in
the rat brain data would fit in a 3-D cuboidal window with total
length of 27 voxels in the x and y dimensions and 15 voxels in
the z dimension. This would require extracting 27×27×15 =
10935 voxels for each voxel in the image. Using only the cross
sections reduces this number to 27×27+27×15+15×27 =
1539 voxels without removing redundancies.

Intensities of voxels in these cross sections are used as
features for classifiers in the cascade.

C. Cell Center Candidate Detection: Random Forest

To eliminate unnecessary computation, the proposed can-
didate detection approach uses small windows (Fig. 5a) to
eliminate obvious portions of the image such as cell boundaries

(a) (b) (c) (d)

Fig. 5: Thin windows as features. A horizontal patch around
the center is shown in (b) and a vertical patch in (d). They can
be used to eliminate much of the background whose patches
are largely uniform.

and vessels, and gradually increases the window size to process
the remaining portions until a satisfactory set of cell center
candidates are obtained. This is implemented as a cascade of
classifiers.

Cascades of classifiers for object detection consist of a
sequence of classifiers where each classifier updates the pre-
dictions made by its predecessors (see Fig. 4). Weak learners
usually form the initial stages of the cascade. They quickly
reject large fractions of the data using a small number of
features while retaining all the possible matches. Later stages
improve on their results by using more sophisticated and
expensive features. Rather than computing expensive features
such as large windows for all pixels in an image, they are
computed only for those pixels that have passed through earlier
stages.

Our approach uses a cascade of random forest classifiers.
Random forests are predictors consisting of multiple decision
trees whose predictions are combined to obtain the overall
output [33]. Each tree in this ensemble is trained independently
on a random sample of the data. At each node of a tree, a small
random subset (of fixed size) of the features is used to split
the node. The predictions of each tree are usually combined
through averaging or by choosing the prediction with the most
votes.

Each stage in the cascade receives as input a set of cell
center candidates from the previous stage. The classifier at
that stage eliminates less likely candidates from the set; the
updated set of cell center candidates is then passed to the next
stage and so on until a final set of candidates is obtained from
the last stage. Windows used in this cascade start off small in
the initial stages and grow until a maximum size is reached at
the final stage. The cascade is structured as follows (see Fig.
7 for representative results).

1) Coarse Thresholding: The volume is eroded using a 3-D
ball structuring element with radius (2, 2, 1). Grayscale erosion
darkens parts of the cell bodies and also regions surrounding
the cells. The eroded image is downsampled by 2X and
then smoothed using a median filter with radius (3, 3, 2).
This produces smooth cell bodies as dark as cell boundaries.
This volume is then upsampled back to the original size and
thresholded using Otsu’s method [34].

2) Random Forest Stages: The fundamental choice for each
cascade stage is the size of the window or patch it uses to
classify an input voxel. The window must be at least as large
as the largest expected cell, otherwise some cells may not be
identified. Window dimensions of 27×27×15 are likely to be



sufficient for identifying cell centers in this data. Cell bodies,
however, can generally be detected by long, thin windows.
A horizontal 27 × 1 × 1 window around a cell center (5a)
would run from the left cell boundary (dark), through the cell
body (light), and up to the right boundary (dark). This dark–
light–dark pattern (5b) would indicate the presence of a cell,
although it cannot be used to localize the cell center vertically.
Due to a cell’s ring shape, a similar dark–light–dark pattern
would occur along the vertical with a 1×27×1 window (5d).
Using such windows sequentially, each time filtering detections
from the previous window, allows a cell center to eventually
be localized accurately and more efficiently than using a large
27× 27× 15 window.

Accordingly, cross sections of the following windows are
used in the five cascade stages: i) 1× 27× 1, ii) 27× 1× 1,
iii) 27× 27× 1, iv) 27× 27× 5, and v) 27× 27× 13.

D. Training the Cascade

Cascades for object detection are trained with the emphasis
that initial stages produce no false negatives (rejecting a fore-
ground pixel) and the latter stages produce no false positives
(accepting a background pixel). This requires stages to be
tuned individually for best performance [35]. In the proposed
method, a simpler approach is taken where the stages are
trained uniformly.

Each stage in the cascade is biased to accept a voxel as a
cell center rather than reject it. The expectation is that this
will result in a larger number of voxels near cell centers
being accepted. The refinement step is capable of handling
this increase.

Biasing is done by sampling the training data so that cell
centers are overrepresented (i.e., more false positives). The cell
center class sampled consists of all the marked cell centers.
Non-centers are sampled in three equal-sized chunks of voxels
based on distance from the nearest center, d: i) 3 ≤ d < 5,
ii) 5 ≤ d < 10, and iii) 10 ≤ d <∞. The size of each chunk
is determined by enforcing the total number of cell centers
and the total number of non-cell centers sampled to be equal.
Sampling is done independently for each training volume.

All stages are trained using the same data. A stage extracts
patches for each training voxel according to its defined window
size. If the window extends beyond the volume bounds, the
voxel is not used for training by that stage. This can cause
some variation in the training data between the stages. Stages
are trained independently using the feature vectors that are
formed by vectorizing the extracted patches.

Parameters of the random forest classifier are identical for
all stages. 30 classification trees are grown with no depth limit
for each forest. The maximum number of features used to split
a tree node is

√
number of features, and 4 samples are required

to split internal nodes. The random forest implementation used
is RandomForestClassifier from scikit-learn [36].

The optional thresholding stage does not participate in
training.

E. Testing the Cascade

The test volume presented to the cascade is first thresh-
olded, and foreground voxels are sent to the next stage. Each

stage uses its trained random forest classifier to accept or reject
a voxel that was accepted by its predecessor. Voxels whose
windows would be outside the volume bounds are ignored.
Voxels accepted as cell centers by the final stage are considered
as the cell center candidates output by the cascade.

F. Cell Center Candidate Refinement Through Mean Shift
Clustering

To reduce the cell center candidates generated from the
cascade to one candidate per cell, a refinement step is required.
The cascade in itself cannot reliably predict one candidate
voxel per cell as:

1) The uniqueness condition is hard to directly embed into
the classification problem, and

2) Identifying a unique voxel as a cell center needs at the
same time its immediate neighbors to be rejected. The
choice of features in this approach make this unlikely:
windows around a voxel and those around its neighbors
are too similar for a classifier to discriminate between
them.

Candidates generated from the cascade form small clusters
near cell centers. Cell centers can be localized by finding the
centers of these k clusters. The refinement task is thus reduced
to identifying these clusters and replacing them with their k
centers.

As the number of clusters k is unknown, it must first be
determined before using an algorithm such as k-means, or a
clustering algorithm that does not require this knowledge must
be used. The proposed refinement approach uses one such
algorithm called mean shift clustering that has been successful
in computer vision problems.

Mean shift [37] is a non-parametric density-based cluster-
ing procedure. It finds modes on the density surface of the data
through steepest ascent. Density estimation is typically done
by radially symmetric kernels such as flat kernels or Gaus-
sian kernels [38]. These kernels are defined by a bandwidth
parameter h. The choice of kernel determines how the density
is computed at each data point. Points where the gradient
of the estimated density is zero are modes of the density
surface. Mean shift is a technique to find these modes and
is inherently non-parametric, but requires the kernel to be
specified. Essentially, it works by applying the kernel over
each data point and moving it along the local gradient. This is
done iteratively until convergence to points with zero gradient.

The cascade is trained on two of the three training volumes
(A, B, and C) and is used to predict cell center candidates
in the other. Mean shift is performed on these candidates
by varying the mean shift kernel bandwidth from 1 to 9.5
in increments of 0.5. This is repeated with the roles of the
training volumes interchanged. The value that leads to the best
detection accuracy scores is used as the bandwidth for novel
inputs.

Fig. 6 shows the detection accuracy with different choices
of bandwidth for the three volumes. A bandwidth of 7 yields
a good balance of performance for all the volumes. This value
is chosen as the bandwidth for the detection method.



(a) F1 score vs. bandwidth (b) Selecting the best bandwidth

Fig. 6: Mean shift bandwidth selection based on best F1
scores for training volumes. (a) F1 scores for all bandwidths
considered. (b) Narrowed to bandwidths in [4.5, 9] where the
highest F1 scores are achieved. A good value of bandwidth is
7 voxels.

G. Evaluation

The proposed cell detection method is evaluated on the
basis of accuracy and speed. Speed is an essential metric as the
eventual goal is to process large data sets, potentially terabytes
in size, in reasonable time.

Detection accuracy is measured by assessing the agreement
between the cell centers predicted by the algorithm and the
cell centers labeled manually, i.e., the ground truth. In this
work, this is done by computing the precision, recall, and
F1 score, which are often-used accuracy measures for binary
classification problems:

Precision =
TP

TP + FP
, (1)

Recall =
TP

TP + FN
, (2)

F1 =
2TP

2TP + FP + FN
, (3)

where TP = true positive, FP = false positive, and FN = false
negative.

A match between the predicted cell center and ground truth
is declared if the two are within 5 µm in Euclidean distance.

IV. RESULTS

Six volumes (volumes 1–6) of size about 200 voxels ×
200 voxels × 100 voxels were used as the test data for the rat
brain data set. In all, 1,540 cell centers were manually labeled
in these volumes. The volumes differed substantially in terms
of cell size, density, and presence of other structures like blood
vessels.

A. Accuracy

The detection process can be tracked by visualizing the cell
center candidates at each stage of the cascade. Figure 7 shows
the stage-by-stage candidate filtering for a slice of volume 3.
Thresholding (7b) rejected obvious background regions. The
first random forest stage (7c) used a thin vertical window to
filter out candidates from the foreground of the thresholded
image. It identified regions near cell centers but, as expected,

(a) Original image (b) Thresholding (c) R.F. stage 1

(d) R.F. Stage 2 (e) R.F. Stage 3 (f) R.F. Stage 4

(g) R.F. Stage 5 (h) Cell centers

Fig. 7: Cell center candidates at each stage in the cascade in
a slice of volume 3. Each stage improves the candidates (in
green) output by the previous stage.

was unable to horizontally localize cell centers. By the final
stage (7g), cell centers were localized accurately enough for
mean shift to be applied. Figure 7h shows the cell centers
found by applying mean shift to the output of the cascade. It
includes centers detected within four slices above and below
the given slice.

Fig. 8 shows blocks within the six volumes with the
predicted cell centers. These also clearly show the differences
in cell sizes and density across the volumes: volume 1 had large
cells with low density; volume 2 had large cells with higher
density; volume 3, volume 4, and volume 5 had moderately
sized cells with high density; and volume 6 had moderately
sized cells with lower density. Cell bodies in these figures (in
red) were extracted using a simple smoothing and thresholding
method and were therefore only crudely segmented, shown
here for visualization purposes only. Large cells like those
in volumes 1 and 2 appeared to contain holes and were
particularly poorly segmented.

Table I shows a summary of the results, with a comparison
to an approach that used artificial neural networks on a
similar KESM Nissl data set (which included comparison
with Laplacian-of-Gaussian-based and Hough-transform-based
approaches as well) [28]. In all cases with cell count > 100 (5
out of 6 volumes we tested), our method gave F1 score > 0.90,
which is a good improvement over previous approaches (F1 =
0.873 [28] and other methods tested therein).



(a) Volume 1 (b) Volume 2

(c) Volume 3 (d) Volume 4

(e) Volume 5 (f) Volume 6

Fig. 8: Predicted cell centers in blocks of volumes 1 through
6.

B. Speed

Speed tests were performed on a laptop running 64-bit
Arch Linux. The laptop featured a 2.5 GHz Intel Core i5-
3210M processor with 2 physical (4 logical) cores and 3 MB
L3 cache, and 6 GB DDR3 SDRAM. Random forests and
feature extraction were both set to single-threaded operation.

The time taken for training the cascade for the above runs
was between 10 s to 11 s, with a mean of 10.24 s.

Predicting cell centers on one volume of the test set (200
× 200 × 100, which is about 2 MB in size) using the cascade
took between 11 s and 14 s, with a mean of 11.85 s.

Using multiple random forest or feature extraction threads
can provide a further boost to speed. If the volumes are
downsampled first (as done in [29], [28]), the speed can
improve by an order of magnitude with a small possible loss
of accuracy, making it comparable to the speed of the ANN

TABLE I: Detection Accuracy

Vol. # Cells Detec. TP FP FN Prec. Recall F1
1 78 91 73 18 5 0.802 0.936 0.864
2 170 179 159 20 11 0.888 0.935 0.911
3 161 153 146 7 15 0.954 0.907 0.930
4 220 224 200 24 20 0.893 0.909 0.901
5 228 208 203 5 25 0.976 0.890 0.931
6 138 134 127 7 11 0.948 0.920 0.934

Comparison with Mayerich et al. [28], based on 14 volumes
ANN 2,158 N/A N/A N/A N/A 0.928 0.824 0.873
LoG 2,158 N/A N/A N/A N/A 0.659 0.934 0.773

Hough 2,158 N/A N/A N/A N/A 0.726 0.754 0.739
ANN: Artificial Neural Network; LoG: Laplacian of Gaussian; Hough: Hough-transform

method in [28] which had a throughput of 2.19 MB/s using the
CPU implementation (note that this is test time, not training
time).

V. DISCUSSION

The main contribution of this paper is as follows. We
developed a processing pipeline for fast and reliable detection
of cell centers in high-resolution rat brain Nissl data. The
detected cell centers can be used as the starting point of many
further analysis tasks such as counting cells (cf. stereology [1]),
studying their spatial distributions, and cell segmentation. Our
method requires only a small amount of manual labeling and
can process large volumetric data sets without further manual
processing.

Simple extensions to the proposed detection methods can
potentially lead to more accurate results and lower processing
time. Key improvements that could be made are listed below.

(1) Cells larger than the window size are a major source
of detection errors. One solution to achieve scale invariance
is to apply the detection methods in multiple resolutions:
the training stage remains the same, and in the testing stage
the predictors operate on the original volume as well as a
downsampled version. This ensures that cells fit inside the
window at least in the downsampled volume.

(2) Although orthogonal patch features were successful
for detecting cells, they are expensive to extract. This is less
of a problem with the cascade method as larger patches are
extracted only for a small fraction of the input. Haar-like
features have been known to perform well in object detection
[35] while being efficient to compute using integral images.
Such features can provide speedups for the mouse brain data.
Different kinds of features or higher order features should
also be tested for improving accuracy while allowing for the
window size to be decreased.

(3) The bandwidth parameter used for mean shift in the rat
data detection method was fixed based on the training data. For
test data with cell sizes and density significantly different than
the training data, an automatic bandwidth selection method
[39] would be preferable. The bandwidth selection step showed
that different bandwidths are optimal for each of the volumes
in the training set: 8.5 for volume A, 7.0 for volume B, and
6.0 for volume C. The choice of 7.0 as the bandwidth was a
compromise, making the detection method suboptimal.



(4) Analysis of the results strongly suggests that more
training data consisting of differently-sized cells, both small
and large, can be of huge benefit. This can be done as an
alternative to multiresolution detection once it is verified that
cells of all sizes are included in the training set. A large
number of training examples are likely not required; it is
more important to make cells in the training data diverse than
repetitive.

(5) Our proposed method requires multiple stages in the
pipeline, so there can be a concern of slow down. However, as
we have reported in the results section, the speed is comparable
with an ANN-based implementation [28]. Furthermore, in our
method training time is similar to test time, while methods
based on ANN may have much longer training time. The
speed of our method can be further improved by fine tuning
of the code. For example, after each stage in the pipeline, we
can keep an index of the detected foreground voxels so that
subsequent computing is only done on or around these voxels.
Furthermore, GPU-based or map-reduce-based parallelization
can also greatly improve speed [28], [29].

(6) Finally, our ultimate goal is to use our approach to
locate every cell center in our whole-brain KESM mouse data

(a) Nissl data (shown at 1 mm interval in z, bar = 1.44 mm)

(b) Long edge ∼165 µm. (c) 3D Visualization

Fig. 9: KESM Mouse Nissl Data Set. Whole-brain Nissl
data set from the KESM is shown. Adapted from [4], [12]. (a)
Coronal sections spanning the entire brain, from anterior to
posterior, at an interval of 1 mm, are shown. Voxel resolution
= 0.6 µm × 0.7 µm × 1.0 µm. (b) A 256 × 256 × 101 voxel
cube is shown (∼165 µm on the long edge). This figure shows
the 3D-nature of the KESM data set at its full resolution. (c)
3D visualization of the KESM Nissl data volume registered to
the Waxholm space [40]. Fine details such as the folds in the
cerebellum can be seen.

set (Fig. 9). Our preliminary work shows that the same basic
approach can be used, but the details have to be adjusted to
account for differences in data characteristics between rat and
mice [41]. For example, compared to the rat data, the cells tend
to be smaller in the mouse data. Our test run on the mouse
data gave precision = 0.889, recall = 0.813, and F1 = 0.850
(1,662 cells to be detected).

VI. CONCLUSION

This research was aimed towards developing an accurate
and fast automated cell detection method for KESM Nissl

images. A processing pipeline was developed, based on ran-
dom forests. Training sets consisting of a small number of
volumes with labeled cell centers were required. These data
sets were used by each method to output the locations of the
detected cell centers given novel volumes. The methods were
evaluated by validating the detected cell centers on manually
labeled test sets. Results were found to be accurate for data
that the methods were designed and trained for. The method
executed fast enough to be run on commodity hardware. The
cascade architecture performed particularly well with high
computational efficiency. Our method is expected to enable
processing KESM data at large scales and ultimately obtain
cell counts and locations in entire rat and mouse brains.
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