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ABSTRACT

3D micro-particle reconstruction with high accuracy and low latency is an ambitious and essential task, with var-
ious applications such as investigating micro-particle dynamics, microorganism swimming and bio-microfluidics.
Without using any focusing optics, digital holography (DH) is a high throughput and compact imaging tool that
can encode the depth information of the object in the form of a two-dimensional (2D) gray-scale interference
pattern. Conventional reconstruction methods perform auto-focusing and reconstruction from slice to slice along
the axial direction. Such computationally expensive and time-consuming iterative processes impede their use
in real-time monitoring. In this study, a deep learning based one-stage detector is developed for 3D particles
distribution recovery from a digital hologram. Specifically, the proposed model is able to detect and localize
target particles in a volume in the way of regressing the bounding boxes and the associated depth from a single
pass through the neural network, which eschews the traditional pipeline designs. The unified architecture is
optimized in an end-to-end training, and the prediction is made at the image pixels level, which challenges the
overlapping issue as the particle concentration increases. In order to verify the feasibility of our proposed method,
thorough evaluations are presented on different particle concentrations and noise levels. The results demonstrate
that our proposed approach can achieve remarkable and robust performance in detecting position accuracy and
extraction rate with improved processing speed. This model facilitates the analysis of the dynamic displacements
and motions for micro-particles or cells, and can be further extended to various types of computational imaging
problems sharing similar traits.

1. INTRODUCTION

In the past few years, the reconstruction of 3D particles distribution has become a popular topic across various
research domains in fluid dynamics,1 chemical engineering,2 environmental research3 and others. Among the
three-dimensional (3D) imaging techniques, digital holography (DH) has gained attention owing to its compact
and simple setup, which records 3D information by the single-shot image acquisition. Based on the interference
between the object and reference light, the 3D distribution of particles in a volume is encoded in the two-
dimensional (2D) interference pattern or hologram, captured by electronic sensors such as charge-coupled devices
(CCDs). After retrieving the spatial 3D coordinates, particle tracking can be performed in the entire field of
view (FOV).

The classical holographic locating methods are commonly divided into two stages: 1) Refocus on each depth
slice by numerical back-propagation of the recorded hologram to obtain the axial location; 2) Evaluate the
transverse position of the in-focus particles on each reconstructed map. Therefore, a large amount of work
contributes to developing accurate refocusing strategies4,5 as well as robust 2D localization approaches.6,7 The
hurdles behind the poor longitudinal resolution, known as the depth-of-focus problems, come from the intensity
integration effect of physical pixels and the limited image sensor extent.8 Besides, especially in inline holography
setup, apart from the imaging noise, the DC term and twin-image issues have consistently been the challenges
for realizing accurate detection of the particle focal plane. Several methodologies have evolved over the past few
decades. For example, Wilson and Zhang9 presented the automatic focal plane detection for weakly scattering
objects based on Rayleigh-Sommerfeld back-propagation, then Ren et al.4 encapsulated the advanced deep
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learning algorithms. However, the works relying on achieving more precise axial distance extraction to obtain
more accurate 3D locations are based on the assumption that accurate 2D segmentation is promised, which is
not applicable when the particle concentration is high. Thus, decoupling the 3D tracking into two subsequent
stages as optical axis position detection and transverse coordinates localization could complicate the problem
with multiple pipelines, and the errors accumulate across different stages. To overcome the drawbacks, some
one-stage frameworks have been investigated where the 3D location of particles can be extracted in a single
pass. One of the recent approaches is the inverse method.10 Rather than retrieving the axial and transverse
location from holograms, the inverse methods attempt to find the optimal object 3D position that could produce
the recorded interference pattern while satisfying some physical constraints. By using some physically grounded
constraints such as sparsity11 and spatial smoothness,12 the promising reconstruction could be realized. However,
the high computational cost and memory request limit their applications in large and dense particle volumes.

Recently, deep learning has emerged applications with efficient and high-quality performance in computational
imaging13,14 in the fields of digital holography,4,15,16 phase imaging,17 low-light imaging18 and vision-related
reconstruction.19–21 Inspired by these breakthroughs, some research has been reported on the use of deep
learning networks in 3D holographic particle volume imaging.22–24 Instead of reconstructing the high spatial
fidelity images at each depth layer, the methods based on deep learning operate directly on the raw intensity
holograms. Shimobaba et al.23 implemented a modified U-net for particle localization by returning the lateral
and axial position maps from raw holograms, but it suffered from the low extraction rate and nonphysical
outputs. In order to incorporate the hologram formation knowledge into the model, Shao et al.22 introduced the
depth map and phase projections as the additional inputs by pre-processing the holograms. Although noticeable
improvement of particle extraction has been achieved, the pre-processing of the holograms at each depth slice and
the post-processing for combining the particle depth and transverse centroid maps added extra computational
burden and thus increased prediction time.

Therefore, in this work, we proposed a one-stage detection network for 3D particle localization. Inspired by
the similar problematic traits possessed by object detection in computer vision and particle localization, the 3D
location information of particles in a volume is represented in the form of transverse 2D rectangular boxes (known
as bounding boxes) and axial positions. This approach is a learning-based method that takes raw holograms as
input without any pre- or post-processing. After a single feed-forward process, the particle 3D coordinates will be
directly extracted from the trained network. In Section 2, the details of our designed model and loss function will
be provided. Section 3 will present the assessment of the proposed method using synthetic holograms. Lastly,
the work will be concluded in Section 4.

2. METHODOLOGY

2.1 Digital inline holography

Figure 1. Optical setup for recording inline hologram.

In this study, considering the ease of use and hardware simplicity, an inline holographic imaging system was
utilized for generating the holograms as shown in Figure 1. The forward object light uo(x, y) scattered from the
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particle field interferes with the undisturbed reference light ur(x, y) on the sensor plane, where

uo(x, y) = aoe
jφo(x,y),

ur(x, y) = are
jφr(x,y),

(1)

with real amplitudes ao,ar and phases φo,φr.
The intensity pattern is recorded by the sensor to form a digital hologram. The process can be mathematically
expressed as:

I(x, y) =| uo(x, y) + ur(x, y) |2= (uo(x, y) + ur(x, y))(uo(x, y) + ur(x, y))∗, (2)

where I is the intensity at each pixel, (x, y) is the pixel coordinate and {·}∗ denotes the complex conjugate.

2.2 Network structure

Compared with the two-stage detection framework, which separates the process of region proposal generation
and post object classification, the one-stage detection framework follows a unified detection strategy that directly
predicts the bounding box offsets and labels with a single convolutional neural networks (CNN) network, which
can be optimized in a monolithic way. The overall structure for our proposed network is shown in Figure 2. As
seen from the figure, the overall structure is composed of three major parts: backbone network, neck network
and head network.

Figure 2. The proposed one-stage detection network architecture. The numbers indicate the size of feature maps across
different blocks.

The backbone network is used to extract rich feature representations from the raw image data. The CNN
are commonly used with various architectures. In our model, to reduce the computation cost while pertaining
rich gradient combination, the cross-stage strategy proposed in CSPNet25 is adapted in designing the basic
block (shown in the bottom-left corner in Figure 2), which splits the input feature channels into two parts
evenly. One part is linked directly to the end of the stage after a Convolutional-Batch Normalization-Leaky Relu
consecutive operation (CBL). The other part is sent through the CBL block sequence with a residual connection.
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It should be noted that, instead of using pooling layers, the feature map size is reduced by adjusting the stride
of convolutional operation within each CBL block in order to increase the network feature fusion ability. Then
the fused feature maps undergo a transition stage (an extra CBL block) for integration. Such split and fusion
strategy preserves the feature reuse characteristic while prevents idle arithmetic units from duplicated gradient
information calculation.

In order to detect the components at different scales, the neck network approximates multiple receptive fields
by aggregating feature maps from different backbone stages in a pyramid hierarchy.26 After up-sampling, the
features from the current scale and previous scale are fused by concatenation operation in a top-town path
fashion. Because of the limited memory sources, the feature activation output with a size ratio of { 18 ,

1
16 ,

1
32}

with respect to the input image are taken. In order to enhance the combination with the precise localization
information contained in low levels, an extra bottom-up path is utilized which shortens the information path
between lower layers and top layers.27

After the neck network, the multi-layer features are input to the head network, where the final prediction is
performed. Each feature map cell corresponds to three predefined anchor boxes with different aspect ratios and
sizes. The idea of ‘anchor’ was proposed firstly by Ren et al.28 in computer vision tasks for faster convergence
and better performance of bounding box regression. In order to get faster convergence and better performance
for bounding box regression, the anchor number for each cell is set to 3 and their default sizes are generated as
priors from a k-means clustering algorithm on the bounding box of training set. For each anchor box, there is a
fixed length-l vector output after the convolutional operation where l = 4 + 1 + 1 = 6 in our model. The vector
indicates the shape offset (tx, ty, tw, th), score of objectiveness (y) and corresponding depth (d), respectively.
Therefore, for each feature layer with size m× n, the size of head network output is m× n× 18, which is then
merged into the final prediction.

2.3 Loss design

As stated in Section 2.2, for each default anchor, there will be an output vector [tx, ty, tw, th, y, d]. Specifically,
bounding box offset [tx, ty, tw, th] defines an area A in the input map. The objectiveness confidence y indicates
the existence of the particle and d represents the associated normalized depth. Therefore, the overall loss for
training the network comprises three parts: the objectiveness loss, the bounding box regression loss and the
depth regression loss.

Objectiveness loss

The assignment rule for objectiveness follows the normal pattern that the target label for an anchor is assigned
to 1 if there exists a ground-truth object bounding box with intersection-over-union threshold higher than 0.5
and 0 otherwise. Since it is categorised as a binary classification problem, the binary cross entropy loss is used
as

Lobj =
1

N

N∑
i=1

(yti log(ypi ) + (1− yti) log(1− ypi )), (3)

where yt is the ground truth label and yp is the predicted objectiveness confidence from the output.

Bounding box regression loss

In terms of bounding box regression, the Intersection over Union (IOU) loss is used

Lbbox =
1

N

N∑
i=1

(1− I(Ap
i ,A

t
i)

), (4)

where I(Ap
i ,A

t
i)

stands for the intersection of union between i-th predicted bounding box area Ap and target

bounding box area At which is defined as

I(Ap,At) =
Ap ∩At

Ap ∪At
, (5)

where (Ap ∩At) is the intersection area and (Ap ∪At) is the union area, respectively.
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Depth regression loss

The depth regression loss is the mean squared errors (MSEs) of the predicted depth dp and the target ground
truth depth dt for each bounding box with an object, which is calculated as

Ldepth =
1

N

N∑
i=1

‖dpi − d
t
i‖22. (6)

Total loss

Then each loss is calculated separately and summed together as the final total loss, which is used to for updating
the parameters through the unified network:

Ltotal = Lobj + Lbbox + Ldepth. (7)

3. EXPERIMENTAL RESULTS AND DISCUSSIONS

Dataset preparation

The feasibility of the proposed method was verified by conducting experiments on synthetic holograms, which
were simulated using the inline holographic imaging model introduced in Section 2.1. The particles were assumed
as disks with various radius from 20 µm to 100 µm that randomly spread in a volume with a distance range 1 cm
∼ 3 cm from the image sensor. The pixel pitch of the sensor was set as 10 µm with the image size of 512× 512
pixels. Therefore, the image pixels covered by each particle ranged from 2 to 10. The illumination source for
generating the hologram was fixed as a laser with wavelength λ = 633 nm. Exemplary figures of the dataset are
shown in Figure 3. Figure 3(a) shows the simulated particle distribution in the volume while Figure 3(b) shows
the corresponding inline holograms.

Figure 3. Exemplary figures in the dataset: (a) original particle volume and (b) Inline hologram calculated from (a).

Network training

With the same particles density as 1.9× 10−4 particle/pixel (ppp), the training, validation and testing dataset
were prepared with 7000, 2000 and 1000 holograms, respectively. The network was implemented using Pytorch
1.8.1 and trained using an NVIDIA Tesla V100 GPU for acceleration. The Adam optimizer29 was used with
an initial learning rate of 0.01. The total training time is 4 hours in total for 100 epochs with batch size 64.
Figure 4 shows the training loss for the first 50 epochs. As seen, all the loss components decreased and converged
gradually along the training process. Thus, the feasibility of our model is verified in simultaneously predicting
the bounding box location and retrieving associated depth information for each particle.
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Figure 4. Training losses during the first 50 epochs. All the loss curves decrease and converge gradually along the training
process.

Performance evaluation

The performance evaluation of the 3D particle location is commonly established on the extraction accuracy and
the position prediction error. The extraction accuracy for object detection can be assessed by two metrics defined
as follows:

Precision =
TP

TP + FP
, (8)

Recall =
TP

TP + FN
, (9)

where the TP (true positive) is the successfully paired particles, FP (false positive) is the false prediction and
FN (false negative) is the unpaired ground-truth (missed detection). The evaluation was firstly presented on the
test holograms with the same particle concentration as the training dataset(1.9× 10−4 ppp). Figure 5 plots the
exemplary evaluation results with its visualization rendering. As indicated in Figure 5 (b), the predicted results
are in a great alignment with the ground truth. For quantitative evaluation, the average recall was calculated
as 91.80 % (8.2 % false negatives) with a precision (correct particle proposals) of 100 %. For the axial position
prediction, the average error was 0.42 mm which accounts for 2.1 % of the distribution interval along the axial
direction (2 cm).

The robustness of our trained model with respect to various particle concentrations was then analysed on
the test datasets with different particle densities ranging from 4× 10−5 to 6× 10−4 ppp. Figure 6(a) plots
the accuracy metrics and the mean depth prediction errors for each test dataset. As demonstrated from the
figures, when particle concentration was below the training dataset, the trained network could reconstruct the
3D particle field with a prominent detection rate. While the performance degrades as particle concentration
increases, adequate detection performance (80.03 %) was still researched when the particle density (6× 10−4

ppp) of the test data is three times than that of the training data (1.9× 10−4 ppp).

Furthermore, the robustness of the proposed model towards the imaging noise was verified by ten groups of
holograms synthesized with different Gaussian noise levels ranging from 5 dB to 30 dB. The prediction of noise-
added holograms was evaluated under the same metrics plotted in Figure 6(b). Compared with the noise-free
case, the extraction accuracy metrics maintain stable performance. The depth error is more susceptible against
the noise level which increased from 0.53 mm at 5 dB to 1.09 mm at 30 dB. It indicates that the noise-disturbed
fringes will introduce more influence on predicting the longitudinal location compared with the transverse plane.
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Figure 5. Exemplary evaluation output from the network. (a) The visualization rendering of the target output vectors
where the number locating on the right corner for each bounding box is the normalized depth value for each particle.(b)
The 3D visualization of predicted particles shown as red triangles and ground truth shown as green dots.

Figure 6. Extraction accuracy metrics and depth prediction error for test particle fields under various conditions: (a)
Different particle concentrations. (b) Different noise levels.

4. CONCLUSION

We proposed a one-stage network for detecting the 3D particle distribution from the inline digital hologram.
Compared with other techniques, our method takes raw 2D holograms as input and outputs the corresponding
3D locations of particles in the way of the transverse bounding box and axial depth at the same time. Remarkably,
there is no requirement for time-consuming hologram pre- and/or post-processing that is used in other models22,23

while still obtaining promising particle extraction results as 91.8 % recall and 100 % precision. By testing our
trained model on datasets with different particle densities, the robustness of the proposed model has been proved
even in the case with 3 times higher density compared with training data. Furthermore, our proposed model
demonstrates reliability with noise-disturbed holograms with over 90 % extract precision and recall for noise
levels lower than 30 dB. The next step of our work shall target at introducing some physics-aware knowledge in
the particle detection network as an attempt to alleviate the dependence on large training datasets and challenge
the performance limitation associated with denser particle volumes.
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