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Abstract—3D Deep Learning has made tremendous progress
recently and is being widely used in various fields, such as medical
imaging, robotics, and autonomous vehicle driving, to identify
and segment various structures. In this work, we leverage the
recent developments in 3D semi-supervised learning to develop
state-of-the-art models for 3D object detection and segmentation
for various buried structures such as memory and logic die.
We briefly describe our approach to fabricating, generating 3D
scans, and annotating these samples. Thereafter, we explain our
approach to locating these buried structures by demonstrating
how semi-supervised learning is adopted to leverage vast amounts
of available unlabeled data to improve both detection and
segmentation performance. We also develop a metrology package
that performs post-processing and outputs various important
metrics for each package, such as void-to-solder ratio, pad
misalignment, solder extrusion, and bond line thickness. Overall,
we observe an improvement of up to 16% in object detection
and 6% in 3D segmentation. Our final metrology results show a
mean error of less than 1.24um for BLT and 0.753um for Pad
misalignment when compared to the ground-truth labeled data.

Index Terms—3D Semi-Supervised Learning, Multi-view Ob-
ject detection, 3D Multi-class segmentation, 3D Metrology, HBM
failure analysis

I. INTRODUCTION

Buried defects in miniaturized package interconnects are a
major cause of low yield in 2.5D-3D packages. Detecting these
defects is challenging and time-consuming. The most common
failure analysis methodology entails a destructive process in
which a semiconductor package is cross-sectioned. After that,
we can use optical inspection to identify embedded process
defects such as solder extrusions, pad misalignment, embedded
voids, and solder shorts. Usually, this failure analysis step
is done manually with the assistance of off-the-shelf image
processing techniques. However, this approach requires signif-
icant effort, man-hours, domain expertise, and expensive tools.
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Additionally, it only provides information in a single 2D plane
and we need to repeat the process if we require additional
information in the neighborhood regions. The new 3D X-
ray machines are able to provide an acceptable resolution to
examine and analyze buried features such as Through Silicon
Vias (TSVs), micro-bumps, and other metallic structures.
This can be an incredible non-destructive methodology for
failure analysis in the future. Currently, the scanning takes
anywhere between 2-8 hours per sample and some regions
suffer from glaring artifacts [1]. Thus, currently, the tools may
be impractical to be deployed in a real setting. However, like
any technology, more advancements in the future will help
reduce the acquisition and improve the quality of these scans.

Artificial Intelligence (AI) has significantly shaped techno-
logical progress in various fields such as visual surveillance
[2], predictive maintenance [3], object detection, and image
segmentation [4]–[7]. In particular, with the advancement of
computing and additional research focus on efficient machine
learning techniques, the scientific community has shown great
progress in the 3D Deep Learning field [8]–[10]. Recently,
deep learning has been adopted to perform this task of 2D-3D
detection and segmentation in buried packages [11]–[13].

Usually, one requires a huge amount of labeled data to train
an accurate model with deep learning-based approaches. This
requires a lot of man-hours and can be extremely expensive.
In a fast-moving world where a chip may go through multiple
revisions in a year, companies may not have the time and
logistics to spend months developing deep learning models
for failure analysis that may become obsolete in less than a
year.

We advance our prior work [14], [15] where we developed
fully supervised learning (FSL) based 2D object detection
and segmentation models followed by a 2D semi-supervised
segmentation learning (SSL) based approach. We introduce
a novel hierarchical consistency regularized mean teacher
framework for performing 3D Object detection and segmenta-
tion on 3D X-ray scans consisting of dense High Bandwidth
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Fig. 1: Our methodology to perform accurate 3D metrology on 2.5D-3D bumps. First, we locate 3D scans of each bump
individually using our multi-view Semi-Supervised object detection. Second, we employ our 3D Semi-Supervised Segmentation
model to identify each component of the bump. Finally, we use our custom 3D metrology Python toolbox to measure and
identify various defects such as Pad Misalignment, Void-to-Solder Ratio, Bond Line Thickness, etc.

Memory (HBM) packages with only a handful of 3D labeled
data. This approach follows an efficient and sophisticated AI-
based automated attribute measurement technique that pro-
vides critical information about the HBMs such as Bond Line
Thickness (BLT), solder extrusion, void-to-solder ratio, and
pad misalignment.

We use a three-step process for our Semi-Supervised based
AI-based automated HBM metrology as shown in Fig. 1. First,
we describe our novel approach to identifying HBMs using
multiple views - a step-up from our previous single-view 2D
approach. We extend this approach further by using Semi-
Supervised Object detection to improve performance. After
locating these bumps in 3D X-ray Machine (XRM) data,
we crop these bumps into individually isolated Regions of
interest (RoI). In the second step, these RoIs are processed
by another novel semi-supervised based segmentation model
that is capable of identifying various components such as
Copper Pillar, Copper pad, Solder, and void. Finally, in the
third step, we use our custom sophisticated computer vision
package developed specifically for 3D HBMs that analyzes
each bump individually to output a personalized report on
solder extrusion, bond-line thickness, solder extrusion, void-
to-solder ratio, etc.

Our contributions can be summarized below:

• Multi-view SSL object detection approach to identify
each HBM bump accurately.

• 3D SSL semantic segmentation to identify each individual
component of HBM.

• Custom computer-vision-based package to provide 3D
Metrology details on each package for failure analysis.

We present the related works in Sec. II. We summarize
our fabrication, 3D scanning, and annotation methodology in
Sec. III-A. Thereafter, we provide a detailed explanation of
our multi-view Semi-Supervised Object detection approach in
Sec. III-B, 3D Semi-Supervised image segmentation method-
ology in Sec. III-C and our custom 3D HBM Metrology
approach in Sec. III-D. Sec. IV investigates our object de-
tection, and 3D segmentation approach and demonstrates our
capabilities by displaying end results and providing critical
metrology information to enable end-users to make strategic
decisions. Finally, we conclude this work in Sec. V and discuss
the gaps in the current approach and potential future directions.

II. RELATED WORK

A. Object detection

Many object detectors have been introduced and improved
versions are regularly published [16]–[19]. Although their
performance improves over time, the amount of data required
to train the models is still huge and public datasets are still
used for training or evaluating their performance. Using these
detectors on specific data would require training or fine-tuning
the network. However, to the best of our knowledge, there
is no public dataset on semiconductors that focus on HBM
bump detection. One solution is to manually annotate our data
which is time-consuming and costly since it requires domain
knowledge. We focus on semi-supervised learning where only
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Fig. 2: (a) Semi-supervised training overview. It includes a first stage (burn-in) with labeled data and a second stage with
unlabelled data and a student-teacher mutual learning framework. (b) 3D-slice-and-fuse approach with the detection model.
Both detectors will run on transversal and sagittal views and output 3D bounding boxes corresponding to the bumps in the
scans.

a small amount of labeled training data is required and the
detection network is able to use unlabeled data to improve its
performance.

Semi-supervised object detectors have been introduced in
the literature [20], [21] and allow to reduce the requirement
on labeled data which is very difficult to obtain in the semicon-
ductor field. Different approaches have been proposed, from
generating pseudo-labels from the model trained on partially
labeled data to using data augmentations and contrastive
learning to improve the training process and using specific
loss functions. The most common approach involves a student-
model teacher framework consisting of two stages. The first
stage called the burn-in stage, where the detection model is
pre-trained on labeled data. In the second stage, the weights
are shared with both the student and teacher models. Different
data augmentations techniques are applied to both student and
teacher models and the consistency of the outputs is enforced
to update the teacher’s weights using Exponential Moving
Average (EMA) [22].

3D object detection has been widely studied for different
applications such as smart robot navigation [23], but they focus
on LiDAR pointcloud data which is different from voxelized
scans in semiconductors. Some approaches have also been
introduced in medical imaging [24], [25] for liver and kidney
detection in X-ray scans. Our previous slice-and-fuse method
[14], [15] is applied to logic and memory bumps.

B. 3D Semantic Segmentation

3D semantic segmentation task is widely used for medical
imaging [26] and semiconductor field [27]. Both scenarios
require dense mask predictions to reveal and identify the
internal structures present in 3D regions. Annotation difficulty,
data complexity, and class imbalance [28] are some of the
major challenges in 3D segmentation. Some recent improve-
ments have introduced strong data augmentations for better
generalization ability [29] and adopted various loss functions
[30], [31].

The recent success of semi-supervised learning emerges
under various tasks involving limited labeled data. Several
self-ensembling methods, such as mean-teacher models [20],

have been used to ensure that the predictions remain consistent
with the inputs subjected to various perturbations between
the student and teacher models. Based on the classic V-
Net [32] backbone, several advancements have been made
to enhance the teacher-student training, such as imposing
geometric constraints for shape-awareness [33], introducing
representation consistency under multi-task framework [34]
and exploiting latent information of network [35]. In this work,
we use V-Net as our backbone and explore the impacts of
dataset complexity and ground-truth annotation.

III. OUR APPROACH

A. Data Collection

This section briefly describes our approach to fabricating,
scanning, and annotating the 2.5D Test Vehicles (TV). The fab-
ricated test vehicles resemble contemporary High-Performance
Computing packages, particularly logic, and memory bumps.
Both types of wafers are temporarily bonded to a carrier and
thinned to 50 µm. The memory wafers are diced and the chips
are stacked individually on top of the logic wafer to form High
Bandwidth Memory cubes. The readers can refer to [36], [37]
for further details on memory and logic bumps fabrication.

In our design and fabrication step, we induce defects in our
packages purposely by using sub-optimal packaging parame-
ters to generate defective data consisting of solder extrusions,
voids, pad misalignments, etc. that can be used to train our
deep learning models. After the fabrication step, we use a
3D XRM scanner to generate our 3D scans. The samples
are placed inside the tool and incrementally rotated from -
5◦ through 185◦ to obtain raw 3D X-ray scans of 1 billion
voxel resolution.

We primarily used ITK-SNAP [38] to label the HBMs. The
Background is labeled as 0, Copper Pillars are labeled as 1,
Solder as 2, the Void as 3, and Copper Pads as 4. Subject
experts who have worked on failure analysis for multiple years
helped train the labelers in locating the correct boundaries for
each component. However, due to Beam Hardening artifacts
[1], finding the correct boundaries of Pads, Pillars, and other
components is extremely tough with subject experts widely
varying in their opinions. As such, we are less focused on



benchmarking the segmentation results against groundtruth
and more interested in whether our approach is able to provide
meaningful information to the users about 3D metrology.

B. Object detection

The purpose of the object detection step in our approach is
to detect and extract each individual bump from the overall
scans for further processing. Given the size of each scan
(1000 × 1000 × 1000 voxels), this pre-processing step is
required for segmentation and defect detection in individual
bumps due to GPU memory limitations. Furthermore, ex-
tracting individual bumps allows the segmentation and defect
detection sections to process the bumps at their full resolution
without any downsampling which may impact segmentation
and metrology accuracy.

We introduce a multi-view semi-supervised detection frame-
work that incorporates our 3D slice-and-fuse approach. We
combine the robustness of our 3D slice-and-fuse but with less
required labeled data for better efficiency and productivity.
The unbiased teacher semi-supervised network [21] is used as
the backbone. Figure 2 shows the architecture of the network
and our 3D slice-and-fuse process. For each scan sck, we first
extract nt individual slices It,scki=0,...,n from the transversal view
and ns slices Is,scki=0,...,n from the sagittal view. Two detection
networks are trained and used to detect the bumps, one for each
view, sagittal and transversal since each bump has a different
appearance in these views.

For training purposes, we split the data into two sets, St
l and

St
u representing our labeled and unlabelled data respectively.

The student-teacher mutual learning process is applied here.
First, a burn-in stage is performed with St

l as shown in
Fig. 2(a). Second, the weights are duplicated to the student and
teacher model. The teacher model generates pseudo-labels on
the unlabeled data St

u with some weak data augmentations and
the student uses the pseudo-labels after applying robust data
augmentations for its own training process. The knowledge
that the student has learned will then be transferred to the
teacher model through the exponential moving average (EMA)
on the network’s weights. The same approach is adopted for
the sagittal view. These outputs from the two views are then
incorporated into the 3D slice-and-fuse approach.

The first 2D detection phase of the approach consists of
processing each individual input slice Ii to the trained models
and outputting the list of p bounding boxes [x, y, w, h]ip corre-
sponding to the detected bumps. This phase is applied to both
sagittal and transversal views making it more robust to bumps’
defects. The sagittal view provides the critical information
on the dimension z and the transversal view provides the
information on the dimension x, y. The bounding boxes are
then assembled to create a 3D bounding box [x, y, z, w, h, d]kp
corresponding to the location and dimensions of the identified
bump in the scan sck. The 3D individual bumps are extracted
for further processing as shown in Fig. 2(b).

(a) Memory bump (b) Logic Bump

Fig. 3: Our 3D metrology features for HBM bumps. The
features are computed in 3D using cross-sectional results. We
only show a 2D slice illustration for ease of understanding the
metrology approach. BLT for logic only includes the vertical
height of the solder and Copper Pillar.

C. 3D semantic segmentation

Semantic segmentation is applied at the bump level to
differentiate the volumetric structure and thus identify man-
ufacturing defects in the 3D metrology step. The normal
structure of memory and logic bump consists of four fore-
ground components: copper pillar (Cu-Pillar), solder, copper
pad (Cu-Pad), and void as regions of interest. By accurately
depicting internal volumetric structures as shown in Fig. 1, we
can facilitate further study on 3D metrology.

In this work, we face issues of limited labeled data and
imbalance distribution of label classes. To investigate the effect
of different percentages of labeled data, as well as the impact
from the sparse nature of void appearance, we aim to achieve
robust performance under data with less number of labeled
samples. Inspired by the mean-teacher paradigm originated
from the classification task, we adopt it to segmentation
problems with 3D data. We adopt 3D V-Net as the backbone
model. For both memory and logic bump inputs, we examine
the performance against multiple metrics with various numbers
of labeled samples and a consistent number of unlabeled
samples.

D. 3D Metrology

We develop a custom python-based metrology module to
measure specific features that are important for 2.5D-3D
bump failure analysis. In particular, we measure four features
considered most important according to our in-house experts
namely, Bond-Line Thickness (BLT), Solder-to-void-ratio, pad
misalignment, and solder extrusion. These features are de-
scribed in Fig. 3.

After we obtain the predicted output from our 3D segmen-
tation model, we perform a series of post-processing steps.
First, we ensure that the bumps are vertically aligned i.e. the
bumps are upright in a common view. Second, we perform
a series of morphological functions - dilation and erosion to
ensure any pixels inside the solder, Copper Pillar, or Copper
Pad that were labeled as background are correctly labeled as
the relevant component. Third, we overlay the predicted voids
on top of the newly cleaned predictions as void areas would
have been reassigned as solder after the second step. Lastly,



Logic Die 1% 2% 5% 10%
IoU @ 0.5:0.95 Precision Recall Precision Recall Precision Recall Precision Recall

Sagittal SSL 0.795 0.836 0.801 0.841 0.81 0.845 0.814 0.846
FSL 0.776 0.806 0.781 0.814 0.782 0.817 0.809 0.848

Transversal SSL 0.788 0.824 0.782 0.814 0.782 0.814 0.782 0.814
FSL 0.714 0.753 0.659 0.703 0.679 0.725 0.701 0.739

Memory Die 1% 2% 5% 10%

Sagittal SSL 0.769 0.801 0.764 0.81 0.788 0.827 0.798 0.832
FSL 0.607 0.662 0.631 0.68 0.634 0.685 0.648 0.685

Transversal SSL 0.764 0.812 0.781 0.81 0.798 0.834 0.824 0.853
FSL 0.723 0.784 0.76 0.79 0.784 0.824 0.803 0.846

TABLE I: We report FSL and SSL object detection Intersection over Union (IoU) for Logic and Memory die. Our SSL approach
provides more accurate results than FSL approach on both sagittal and transversal views by up to 8% and 16% mAP on logic
and memory bumps respectively.

we retain all the predicted voxels for each class that is within
a specific threshold to the center of mass (CoM) of each class.
This removes any leftover clusters or neighborhood component
predictions that might be seen in the cropped individual 3D
bumps.

After the pre-processing step, we identify the features
needed to perform our metrology - mainly the CoM, top, left,
right and bottommost regions for each individual bump. The
features, shown in Fig. 3 are computed for each bump and
provided to the domain experts to make critical decisions for
failure analysis.

IV. EXPERIMENTS

We collected and annotated a varied dataset consisting
of different defects to validate our SSL-based approach. In
total, we used 12, 849, 4, 486, and 4, 593 slices for training,
validation, and testing for Object detection experiments. We
also used 76, 36 training 3D scans and 13, 7 testing scans
for memory and logic bumps respectively to evaluate our
SSL-based 3D segmentation approach. Our workstation for
this work includes an Intel i9-10900X CPU processor with
an NVIDIA TITAN RTX 24GB GPU containing 4, 608 cuda
cores.

A. Object detection

We split our dataset into different amounts of labeled
data from 0.1% to 10% for our experiments. We use a
FasterRCNN [18] backbone for object detection. The weak
data augmentation method is a random horizontal flip and the
strong augmentation methods include adding color jittering,
grayscale, Gaussian blur, and cutout patches. Mean Average
Precision (mAP) is used as our evaluation metric which con-
sists of Intersection-over-Union (IoU) calculation estimating
the quality of the predicted bounding boxes compared to the
ground truth data [27] on different thresholds from 0.5 to 0.95.
We also study the recall rates of the detector to evaluate the
escapes or False Negatives. The training parameters are as
follows. The learning rate is 0.01, the initial number of steps
(burn-in stage) is 2, 000, and The total number of steps is
10, 000. The EMA rate is 0.996.

We first evaluate the efficacy of the 2D semi-supervised
object detection on the individual slices on both sagittal and

(a) FSL Sagittal (b) SSL Sagittal

(c) FSL Transversal (d) SSL Transversal

Fig. 4: Detection results with FSL(a,c) and SSL (b,d) models
on logic bumps (5% split). Our approach is able to address
issues such as false positives and escapes on the sagittal and
transversal views.

transversal views and compare it with the FSL method. Table I
presents the results for the logic and memory bumps. We
observe that our proposed SSL model outperforms the FSL
model by up to 8% mAP for each data split for logic bumps
and up to 16% for memory bumps. We also note that the
performance improves when for higher splits when more
labeled data is used. As the data distribution in logic bumps
is more diverse and defective compared to memory bumps
they are more difficult to predict with less labeled data. Given
the specificity of the data and the low distribution, we notice
that our SSL network performs well even with a very small
amount of labeled data (1%). This demonstrates the reduced
requirement for labeled data with our SSL framework. We also
show the detection results on some slices for both sagittal and
transversal views to highlight these differences in Fig. 4. We
observe more false detections on the FSL model compared
to ours. Finally, we notice a significant improvement in the
number of bumps that are successfully extracted thanks to the
combination of both sagittal and transversal views. With the



(a) Groundtruth (b) V-Net output (c) Ours

Fig. 5: We show some examples of groundtruth annotations,
V-Net, and our output from our 3D segmentation models. Our
approach provides more consistent and less erroneous results
than our baseline.

previous method [27], some bumps could not be extracted
due to defects (i.e. solder extrusion). Overall, the proposed
method has extracted 511 bumps whereas the previous method
only extracted 263 bumps. The implementation of the method
includes 3 phases, the first phase detects the bumps on the
individual slices, the second estimates the 3D bounding boxes
in the scan and finally, the third phase extracts the bump
into individual files. Given the structure of the data and our
processing scripts, all phases can be parallelized which reduces
the processing time. On average, our total processing time was
about 5.14s per bump without any serious optimization.

B. 3D semantic segmentation

Subsets of 2.5%, 5%, 10%, 50%, and 100% labeled data are
employed for training. In our framework, 3D V-Net structure
is adopted as the backbone. We use multi-class Dice loss for
the student model and Mean Squared Error (MSE) to update
the consistency loss function for the teacher model [20]. The
learning rate is set to 0.01 and step-down learning rate interval
of every 5, 000 iterations. We adopt a learning rate warm-up
of 300 iterations and train the backbone network from scratch.
The EMA update rate is set at α = 0.999 and the consistency
weight is set to γ = 0.01. In the early phase of training, there
is a linear ramping-up stage sustained for 40 epochs until it

(a) Groundtruth (b) Our raw output (c) Post-processed

Fig. 6: Our metrology package cleans up neighborhood
cropped regions or any small false positive clusters to provide
more accurate metrology results.

trains at full scale. All experiments last for 10, 000 iterations
for the training phase which takes approximately 100 minutes.

We evaluate our model performance using four quantitative
metrics: multi-class Dice coefficient, Jaccard coefficient, 95%
Hausdorff Distance (95HD), and average surface distance
(ASD). Table II show the Dice and IoU performance between
FSL and SSL training under various percentages of selected
labeled data. We observe that the model performance increases
along with the addition of labeled data, and our SSL results
consistently achieve higher metrics compared with baseline V-
Net FSL runs. Visual results for some test samples are shown
in Fig. 5.

In addition, activation functions typically serve as the main
contributor to non-linearity during training. Our previous work
has made attempts on comparing the effects from SiLU (swish
function), SELU, and GELU [39]–[41]. However, we have
not achieved promising performance in the 3D setting, which
leaves room for further study.

C. 3D Metrology

We perform the metrology measurements with and with-
out the post-processing step as described in Sec. III-D. We
demonstrate the improvement in metrology measurements in
Table III. We observe that aligning, cleaning, and performing
neighborhood clustering drastically improves the results as
most of the cropped predicted bumps include false positives
for copper pillars, pads, and solder in addition to neighborhood
components at the edges as shown in Fig. 6. Our final
metrology results show a mean error of less than 1.24um for
BLT and 0.753um for Pad misalignment when compared to
the ground-truth labeled data.

V. CONCLUSION

In this work, we have presented a novel approach for 3D
metrology using state-of-the-art 3D Semi-Supervised Deep
Learning based object detection and semantic segmentation
models. We explained in detail how we perform object de-
tection on multiple views and combine the results to improve
bump detection performance. This is followed by 3D Semi-
Supervised semantic segmentation to identify various com-
ponents in the individual structures such as Copper Pillar,
Copper Pad, voids, and solder regions. We also described
our post-processing approach to analyze the predicted samples



2.5% 5% 10% 50% 100%
Dice IoU Dice IoU Dice IoU Dice IoU Dice IoU

Memory Die
V-Net (FSL) 79.89 64.86 85.14 77.16 81.49 73.57 83.26 75.63 87.89 80.19
Ours (SSL) 80.63 72.38 85.50 70.25 86.69 71.75 86.10 82.03 88.67 82.81
Logic Die

V-Net (FSL) 81.82 75.07 84.51 78.74 84.51 78.85 85.26 79.85 84.34 78.55
Ours (SSL) 84.22 78.54 84.33 78.58 84.80 79.66 85.65 80.54 83.79 78.27

TABLE II: We report the FSL and SSL based 3D semantic segmentation results for memory and Logic die. SSL approach is
generally able to identify the segments more accurately. A total of 76 memory die and 36 logic die were labeled for training
our deep learning models.

Metrology Error V-Net Ours Post-processed Improvement
Memory Die

BLT 5.654 1.292 1.238 0.054
SE 3.924 4.530 1.602 2.928
PM 2.286 0.859 0.753 0.106

V2SR 0.069 0.0626 0.0594 0.003
Logic Die

BLT 4.55 6.65 2.22 4.43
SE 0.54 1.30 1.12 0.18

V2SR 0.002 0.004 0.004 0

TABLE III: We display the mean error for metrology fea-
tures such as Bond-Line Thickness, solder extrusion, Pad
misalignment (in um) between groundtruth, Vnet, raw, and
post-processed predictions. We observe that our SSL-based
approach segments the die more accurately and our metrology
package further improves the results significantly.

and provided critical 3D metrology information such as Bond
Line Thickness, Pad Misalignment, Solder Extrusion, etc.
Our unique approach provides fast and accurate detection,
segmentation, and metrology on high-resolution 3D voxelized
XRM scans.

This approach when integrated with 3D acquisition systems
has great potential in reducing the failure analysis time and
thus improving yield in the long run. Additionally, our method-
ology can be customized for each unique user to potentially
classify these packages as pass or fail depending on the user’s
self-defined criteria.

In the future, we intend to investigate the appropriate
augmentations that work better for our Semi-Supervised seg-
mentation approach and integrate continual learning to adapt
to new design iterations of bumps for faster turn-around time
in the failure analysis pipeline.
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