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Abstract— This study explores the application of open-set
recognition (OSR) in intelligent manufacturing. The proposed
method focuses on the integration of hardware-accelerated
systems in manufacturing machines as they become more
complex and versatile, because the management of both and
known and unknown conditions is critical for better reliability
and increased productivity. The proposed OSR method provides
a novel hardware-accelerated system that enables better perfor-
mance and reduces downtime in response to novel conditions.

I. INTRODUCTION

In the domain of machine learning, supervised learning
has rapidly advanced, demonstrating quick and accurate
classification in a closed-set world. A closed-set world refers
scenarios where training and test samples that share the same
label space. This method is effective when all inputs to
a system are known and can be clearly labeled. However,
in many real-world cases, training models for all possible
events and scenarios is impractical. Although not all possible
events can be used for training, anomalies can occur in real-
world scenarios. When events fall outside the training data,
the machine learning system loses reliability. Consequently,
supervised learning becomes less reliable when unknown
conditions or label spaces appear. Open-set recognition
(OSR) has gained relevance in addressing such challenging
and realistic settings. OSR is a recognition system designed
to process data outside the expected input domain, making
it more resilient to unexpected inputs.

Owing to the robustness of OSR in handling unexpected
information, it has emerged as a promising method for
anomaly detection in the medical field [1] and the manufac-
turing industry [2]. In Industry 4.0, OSR can be applied to
create intelligent manufacturing machines that can improve
the quality of the manufactured parts or the operation status
of machines to achieve higher productivity through tool
optimization or fault detection, thereby resulting in higher
overall robustness against failure. One such example of a
manufacturing machine is the computer numerical control
(CNC) machine which is a manufacturing machine that
uses the computerized operation of machining tools. CNC
milling machines are versatile because they can change the
milling angle, speed, bits, and materials to produce various
parts with different specifications. Because of the sheer
number of parts and condition combinations involved in
manufacturing, configuring a CNC machine often requires an
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expert with years of experience. This can result in significant
losses owing to the time spent setting up the CNC milling
machine. An ideal solution is a feedback system in which
the machine automatically loops through its configuration to
identify the optimal settings for machining a part within the
provided tolerances, such as surface finish smoothness. For
any feedback system to function, information from multiple
sensors, such as accelerometers or cutting force sensors, is
required for real-time classification of the machined surface.
Prior studies[3] have successfully predicted machined surface
smoothness under specific conditions. However, using such
models on CNC machines that do not function under these
specific conditions is not ideal, and traditional artificial
neural network-based systems, such as those in [3] cannot
adapt to newer conditions, such as a new sample type or
a new drill bit. Therefore, a generalized model capable of
predicting the smoothness of machined surface under diverse
conditions would be of great use in the industry.

Mukaeda et al. [4], from our research group, have pro-
posed a new OSR based model that demonstrates superior
performance compared to traditional neural networks and can
adapt to new conditions.

However, because CNC machines operate at high speeds,
classification models that may induce lag are not suitable.
Consequently, software implementations of OSR-based clas-
sification models are not completely suited for real-world
applications, and a hardware-based classifier is required. A
field programmable gate array (FPGA) can be used in this
context. FPGA is a type of integrated circuit that can be
programmed and reprogrammed after manufacturing, making
it flexible for classification tasks. Additionally, as FPGA is
an integrated circuit, it can process information in parallel,
allowing for extremely fast operation.

In this paper, we propose a real-time FPGA-based OSR
system for the rapid classification of sensor data from a CNC
milling machine to assess the quality of milled part’s based
on surface smoothness.

II. BACKGROUND AND PRELIMINARIES

A. Normal And Complimentary Gaussian Mixture Network
and Gated Recurrent Unit

Normal and complimentary Gaussian mixture network
(NAC-GMN) is a probabilistic network that estimates a
Gaussian mixture model (GMM) corresponding to known
classes and a complimentary Gaussian mixture model
(CGMM) that excludes known classes. The GMM is ex-
pressed by a Gaussian distribution g(xt ;k,m), while the
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Fig. 1: GMM and CGMM examples.

CGMM is expressed by a complimentary Gaussian distri-
bution h(xt ;k,m).

To evaluate the likelihood of GMM and CGMM, non-
linear transformation is performed on the input xt =
{x1(t), · · · ,xD(t)}T of dimension D, resulting in X(t), as
shown below:

X(t) =
[
1,xT

t ,x
2
1, · · · ,x1xD,x2

2, · · · ,x2
D
]T

(1)

Here, X ∈ RH(H = 1 + D(D + 3)/2) represents the 1st
layer of the NAC-GMN network. Further calculations of the
likelihood from layer 1 onwards is are as follows:

O(1)
h = Xh(t), (2)

O(2)
k,m =

H

∑
h=1

(1)Ohw(k,m)
h , (3)

O(3)
k,m = O(2)

k,m +w(k,m)
N + log [1− p(k = 0)], (4)

O(3)
k,m

= w(k,m)
ε O(2)

k,m + log
(
− O(2)

k,m

)
+w(k,m)

C (5)

+ log [p(k = 0)].

Here, O(3)
k,m is the component-wise likelihood of the

GMM, and O(3)
k,m

represents the component-wise likelihood
of the CGMM. The output of the 3rd layer is a concatenated
vector of the GMM and CGMM, as shown below:

O(3)
t =

{
O(3)

k,m(t), O(3)
k,m

(t)
}

k=1,··· ,K,
m=1,··· ,Mk

. (6)

B. Gated Recurrent Unit

Gated Recurrent Unit (GRU) [5] refers to a type of
recurrent neural network methodology that uses gates to
regulate the flow of information into the network. It uses
a reset and an update gates for the regulatory purposes
mentioned above.

The input layer includes data given by x(t) ∈ Rd , where
x(t) represents the input vector at time t ∈ [1,T ] and T is the
length of the time series.

GRU’s forward propagation equations are as follows:

Sensor data

Nonlinear transformation

· · · · · ·

1,1 ·· 1,M1 ·· k,m · · · K,MK Const.

1,1 ·· 1,M1 · · · k,m · · · K,MK 1,1 · · · k,m · · · K,MK 1,1 · · · k,m · · · K,MK
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Fig. 2: The proposed classifier for estimating machined
surface roughness [4]

r(t) = σ
(

x(t)Wr +h(t−1)Ur +br

)
, (7)

z(t) = σ
(

x(t)Wz +h(t−1)Uz +bz

)
, (8)

h̃(t) = φ
(

x(t)Wh +
(

r(t)⊙h(t−1)
)

Uh +bh

)
, (9)

h(t) = z(t)⊙h(t−1)+
(

1− z(t)
)
⊙ h̃(t). (10)

Here, ⊙ denotes a Hadamard product, σ denotes the
sigmoid function, and φ indicates the hyperbolic tangent
function. d represents the number of input features and n
represents the number of output features. Wr,Wz ∈Rd×n and
Ur,Uz ∈ Rn×n are weight parameters, and br,bz,bh ∈ Rn are
biases.

r(t) represents the reset and z(t) the update gate vectors.
h(t−1) represents the hidden state from the previous time-step,
and h̃(t) indicates the candidate hidden state at the current
time-step. h̃(t) uses the reset gate value to decide whether the
older hidden state should be forgotten. Finally, h(t) represents
the hidden state of the current time-step.

The reset gate regulates the amount of the previous hidden
state to be forgotten, whereas the update gate regulates the
amount of information from the previous hidden state to be
carried over to the next time-step.

C. Prior researcher

The network proposed by Mukaeda et al. [6] is a prob-
abilistic recurrent neural network comprised of NAC-GMN
and GRU, as shown in Fig. 2. This network first performs a
nonlinear transform on the input data, stabilizing the GMM
and CGMM parameters for use in the network. Here, αk,m,
βk,m represent the mixing coefficients of GMM and CGMM,
and p(k = 0) represents the prior probability of the unknown
class.

In its first half, the network calculates the likelihood
vectors for GMM and CGMM, and in the second part, the
likelihood vectors along with the time-series sensor data are
used as inputs to perform the classification. The input to the
GRU layer is expressed as follows:
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o(t) =
[
x(t), O(3)

t

]
∈ RDo ,

where Do =D+2∑K
k=1 Mk. The hidden state h(t) evaluated

by the GRU is then passed through a dense layer containing
two neurons. Here, the CGMM values from the OSR method,
NAC-GMN, were also used as inputs to the GRU. The final
result is obtained by passing the dense-layer values through
a softmax function. This final result belongs to one of two
classes, labeled 0 (smooth) or 1 (rough).

III. MODEL AND ARCHITECTURE

A. FPGA implementation of proposed method

The implementation of a GRU or GMM is challenging on
an FPGA because both use complex activation or compu-
tationally expensive functions such as sigmoid, hyperbolic
tangent, and exponential functions. Traditional implementa-
tion of these functions is either through IP cores that rely
on clock cycles and therefore cannot be used to calculate
the complete output in a single clock cycle, or through
the implementation of a lookup table (LUT) [7] [8]. An
LUT provides reasonable accuracy for hand-off performance;
however, it also consumes significant memory, making it
unsuitable for models with large numbers of parameters. By
contract, IP core-based exponential functions rely on clock
cycles; requiring multiple IP cores to evaluate output in a
pipeline that delivers one output per clock cycle.

Here, approximation methods are appealing because they
are neither computationally nor memory intensive [9] [10].
Furthermore, for offline model implementation, a software
version trained using approximation method can have its
resulting weights quantized [11] for FPGA implementation
optimizing circuit resources.

1) Approximation method of probability distribution:
Because the proposed method requires log linearization, an
approximation of the logarithmic function is also required.
This is expressed by the following equation:

log2(z) = log2(u×2s) = s+ log2 u, (11)

When 1 ≤ u < 2 and s ∈ Z, the logarithmic function can
be expressed as follows:

log2(z) = s+ log2 u ≈ s+u+1 ≡ l̂og2(z). (12)

Using the approximation method, the 3rd layer calcula-
tions for the GMM and CGMM are expressed as follows:

O(3)
k,m = O(2)

k,m +w(k,m)
N + l̂og2[1− p(k = 0)], (13)

O(3)
k,m

= w(k,m)
ε O(2)

k,m + l̂og2

(
− O(2)

k,m

)
+w(k,m)

C (14)

+ρ,

where ρ = log [p(k = 0)] is a constant.
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Fig. 3: GRU FPGA pipeline overview.

2) Approximation of activation functions: GRU uses the
sigmoid and hyperbolic tangent activation functions; both use
the exponential function as shown below:

σ =
1

1+ e−x , (15)

φ =
ex − e−x

ex + e−x . (16)

Implementing an exponential function on FPGA is chal-
lenging because heavy reliance on memory or IP cores. Thus,
in the proposed method, we use a hard-sigmoid (σ̂ ) and hard-
hyperbolic tangent (φ̂ ) implemented using combinational
circuits in the FPGA for rapid evaluation. The proposed hard
activation functions are determined as follows:

σ̂ = max
(

0,min
(

1,
x+2

4

))
(17)

≡ max(0,min(1,(x+2)>> 2)) (18)

φ̂ = max(0,min(1,x)) (19)

Furthermore, in the case of σ̂ , the division is carried out
using a bit-shift operation thus reducing the computational
cost associated with division. This process enables rapid
evaluation of the approximate values for both activation
functions while preserving accuracy.

3) Pipeline: A GRU is a type of RNN that relies critically
on the hidden state h(t). If the pipeline cannot return to a new
hidden state before the next time-step calculations begin, the
next step is halted, as mentioned in [12]. Therefore, a robust
pipeline latency management is necessary to achieve a high
operating frequency.

Here, we propose a combination-circuit architecture that
performs each step of the calculation in a single clock cycle.
Because all the modules are parallelized and function as
a combination circuit, h(t) is completely dependent on the
number of circuit resources available.

Fig. 4(a) illustrates the general pipeline of the “update
gate” and “reset gate” from Fig. 3. A general purpose GRU
matrix multiplication (GRU MatMul) module is constructed
to multiply input values and weights. This module is de-
signed to accept an input of dimension Rr and a weight
matrix of dimension Rr×c, returning an output array of
dimension Rc, where r is the number of rows and c is the
number of columns.
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Fig. 4: (a) The update and reset gate pipeline, and (b) The
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Here, b = br,bz, W = Wr,Wz, and U = Ur,Uz. The final
update and reset gate evaluation equations, including the hard
activation functions, are as follows:

r(t) = σ̂
(

x(t)Wr +h(t−1)Ur +br

)
, (20)

z(t) = σ̂
(

x(t)Wz +h(t−1)Uz +bz

)
. (21)

For the “candidate gate,” the input from the reset gate r(t)

is used along with x(t) and h(t−1). The pipeline of the candi-
date gate module is depicted in Fig. 4(b). Another module,
represented by the ⊙ operator, is constructed to perform the
Hadamard product, or element wise multiplication. With this
structure, calculation of h̃(t) begins when r(t) is evaluated.

The resulting candidate gate evaluation equation is as
follows:

h̃(t) = φ̂
(

x(t)Wr +h(t−1)Ur +br

)
. (22)

Finally, the “one subtract” module is used solely to
perform subtraction operation, necessitated by the type of
representation used in the FPGA design.

With the proposed pipeline, as outlined in Fig. 3, the
output is evaluated when an input was provided. Further-

Triaxial accelerometerTriaxial accelerometer

End millEnd mill
ObjectObject

Dynamometer for
cutting force measurement
Dynamometer for
cutting force measurement

X

Y
Z

Fig. 5: Data acquisition environment [6].

TABLE I: CNC machine milling conditions.

End Mill Diameter Number of Angle of twist Number of
[mm] cutting tooth [◦] experiments

No.1 10 2 30 100
No.2 10 4 30 20
No.3 10 4 45 20
No.4 6 2 30 20
No.5 6 4 30 20
No.6 6 4 45 20

TABLE II: CNC machine configurable conditions.

Tool Cutting Feed amount Radial depth Axial depth Cutting
directiondiameter speed per blade of cut of cut

[mm] [m/min] [mm/blade] [mm] [mm]
10 50 ∼ 100 0.05 ∼ 0.15 0.2 ∼ 1.0 3.0 ∼ 15.0 Down cut
6 50 ∼ 100 0.03 ∼ 0.09 0.12 ∼ 0.6 3.0 ∼ 9.0 Down cut

more, because the weights are initialized before the pipeline,
reading the weights does not affect the processing time.

IV. SIMULATION EXPERIMENTS

A. Dataset

The dataset used in this study was collected from Makino
V33 CNC machines and includes 3-axis accelerometer data,
3-axis force sensor data, and net force data, all sampled at
a rate of 10 kHz. The data were obtained from six different
CNC mills under 200 distinct milling conditions, as detailed
in Table I. All machines operated dry, without lubrication,
on a 100 mm × 32 mm × 5 mm S50C sample. The milling
conditions were randomly set within the constraints listed in
Table II for all 200 conditions.

As the milling speed varies for each measurement con-
dition, the resulting data have a varying number of data
points and are therefore not directly usable for training and
testing purposes. Therefore, the raw data must be resampled
spatially so that the number of data points per condition
is equal. The data points per condition were resampled at
a sampling frequency of 300 mm−1, ensuring 300 sample
points for each mm. The accelerometer data were full-wave
rectified, and the force sensor values were passed through a
low-pass filter with a spatial frequency of 100 mm−1.

Finally, a data point is classified as smooth (and labeled
“0”) if Ra < 1.6µm ∩ Rz < 6.3µm according to JIS (Japanese
Industrial Standards). Any value outside this constraint is
considered as rough (labeled “1”). The final data used for
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Fig. 6: Final data used to train the model.

training and testing the model are shown by fig. 6, where
the shaded ares are labeled as rough, and the non-shaded
areas are smooth. The force data includes 3-axis cutting force
sensor data and normalized data, while the acceleration data
consists of 3-axis measurement .

B. Experiments

In this study, the performance of the FPGA system was
evaluated using simulations. Software simulations for model
performance evaluation were conducted using the PyTorch
framework. A custom GRU implementation was developed to
enable the use of hard activation functions (Equations 17 and
19). For training, 120 out of 200 conditions were randomly
selected, with the first (12 mm from the beginning) was used
for training. Two test sets were used for testing: Testset-1
(TS1) comprised rest of the remaining 80 conditions not used
for training, while Testset-2 (TS2) comprised data from the
120 conditions, excluding the 12 mm parts used for training.
For each condition, the simulation experiment was conducted
five times.The micro-F1 score (accuracy) was used for model
performance evaluation. The proposed model was compared
with a traditional Random Forest (TF) to the Random Forest
(RF)-based model to assess its performance. The three RF
models were trained using the following parameters:

Case A [6]:
Power spectrum

Case B [6]:
Power spectrum + milling conditions

Case C [6]:
Power spectrum + milling conditions + tool info.

0.6
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A
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Proposed [6] Case A Case B Case C

Fig. 7: Comparison of the performance between the proposed
model and the traditional traditional RF based models in
software implementations.
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Fig. 8: Comparison of the performance between different
versions of the model.
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Fig. 9: Performance of the proposed model using only 3
features (3-axis acceleration) compared to using all features.

Here, the power spectrum refers to how the training
data from the 120 conditions were processed to obtain the
average power spectrum value. For this study, the FPGA
used was an Intel Cyclone V 5CSXFC6D6F31C6. Circuit
synthesis, timing analysis, and optimization were conducted
using Quartus Prime Version 20.1.1 Build 72011/11/2020 SJ
Lite Edition.

C. Results

Although the proposed model is trained solely on data
from 120 conditions without any preprocessing, it outper-
forms traditional models trained on more detailed data, such
as milling conditions and tool information, as shown in
Fig. 7. In Fig. 8 we compare the accuracy results of the
Standard PyTorch version, the custom GRU with the standard
activation function version, and the custom GRU with the
hard activation function version of the proposed model. The
performance of the proposed FPGA architecture was compa-
rable to that of traditional implementations, yielding similar
accuracy. As shown in Fig. 9 when limited to acceleration
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data alone, the proposed model outperforms the RF models.
However, when the number of features is reduced by more
than half, the performance significantly drops compared to
the model trained with all seven features. Finally, Fig. 10,
demonstrates that when the number of classes increased
from two to three, the model’s performance significantly
decreased.

D. Discussion

From the results, it is evident that when using the approx-
imated version of the model proposed by Mukaeda et al. [6],
classification performance drops significantly. This is likely
owing to the use of hard activation functions and other ap-
proximations. The errors introduced by these approximations
in the model stack result in a higher overall error differential.
Furthermore, the implementation of this model on an FPGA
involves different hardware optimizations, which increases
the complexity of hardware implementation. Acceleration
sensors are cheaper and easier to apply in existing machines
compared to force sensors, which are expensive and difficult
to use. However, when using only acceleration data, a
performance loss was observed owing to the lack of sufficient
data. Similar results were observed with 3 class classification,
where even with all features included, there was not enough
information to distinguish one tool set from another using
only sensor data. Compared to TS1, the TS2 results in Fig.
9 and Fig. 10 are higher. Thus, we can conclude that the
training itself was successful. However, because the sensors
values for different tools appeared similar, distinguishing
between them was challenging. Despite this, the final surface
profiles varied significantly. Our future research will focus
on improving 3 class classification or developing a regression
model for surface finish estimation. To enhance regression
or multi-class classification performance, new sensors, such
as inertial measurement units (IMUs) will be necessary to
provide more detailed information during the milling process.
This additional information will offer a new perspective on
the currently available information.

V. CONCLUSION

In this study, we developed a probabilistic neural network
using the Normal and Complementary Gaussian Mixture
Model (NAC-GMN) combined with a Gated Recurrent Unit
(GRU) for an FPGA-based implementation of open-Set

recognition (OSR) method to classify the surface smoothness
of parts fabricated/finished by a CNC milling machine under
varying conditions. The inputs to the model included 3-axis
acceleration, 3-axis force, and net force time-series data.
We confirmed that the proposed model could successfully
classify surface smoothness with a higher degree of accuracy
when compared to traditional RF models.

Traditionally, CNC mill settings have be determined
through trial and error, leading to wasted samples being used
for testing, and lower productivity of production lines when
new parts or conditions are introduced. In contrast, the pro-
posed method can operate in real-time without preprocessing
of the input data, making it suitable for a feedback system
that automates the traditional trail and error process, thereby
improving production line productivity. In the future, our
goal is to develop a model with higher performance and
reliability.
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