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Abstract—Image Coding for Machines (ICM) is becoming
more important as research in computer vision progresses. ICM
is a vital research field that pursues the use of images for
image recognition models, facilitating efficient image transmission
and storage. Demand and required performance for recognition
models are rapidly growing within consumers. To meet these
needs, exchanging image data between consumer devices and
cloud AI using ICM technology could be one possible solution. In
ICM, various image compression methods have adopted Learned
Image Compression (LIC). LIC includes an entropy model for
estimating the bitrate of latent features, and the design of
this model significantly affects its performance. Typically, LIC
methods assume that the distribution of latent features follows a
normal distribution. This assumption is effective for compressing
images intended for human vision. However, employing an
entropy model based on normal distribution is inefficient in
ICM due to the limitation of image parts that require precise
decoding. To address this, we propose Delta-ICM, which uses
a probability distribution based on a delta function. Assuming
the delta distribution as a distribution of latent features reduces
the entropy of image portions unnecessary for machines. We
compress the remaining portions using an entropy model based
on normal distribution, similar to existing methods. Delta-ICM
selects between the entropy model based on the delta distribution
and the one based on the normal distribution for each latent
feature. Our method outperforms existing ICM methods in image
compression performance aimed at machines.

Index Terms—Image Coding for Machines, Learned Image
Compression, Delta Distribution

I. INTRODUCTION

Following the advancement of research in computer vision,
image recognition models continues to improve in terms of
performance. Expectations for machine-based image analysis
techniques grow along with the rapid expansion of utiliz-
ing image recognition models. Since the use of recognition
models by the general public is increasing, the challenge is
to meet the demand for their use. To adress this challenge,
it is essential to enable high-speed data exchange between
consumer devices and cloud Al In addition, image data
compression for machines is required for efficient data use in
smart devices. In this context, image compression technology
for these models is crucial, given the increasing quantity of
image data needing recognition. Previous image compression
standards [1]-[4] are designed for human vision and do not
account for machine recognition. Consequently, research on
Image Coding for Machines (ICM) has intensified [S]-[12].

979-8-3315-2116-5/25/$31.00 ©2025 IEEE

Learned Image Compression (LIC) methods are widely used
in image compression for ICM. LIC is a neural network-
based approach to image compression [14]-[17]. This ap-
proach employs an entropy model to estimate the bitrate of
latent features, and the design of this model significantly
affects the compression performance of LIC. Typically, LIC
assumes that the distribution of latent features follows a normal
distribution when designing the entropy model [18], [19]. This
assumption is valid for accurate image decoding, which is
particularly effective since much research on LIC focuses on
image compression for human vision. Numerous studies have
demonstrated that LIC outperforms existing image compres-
sion standards [20]-[23], such as HEVC [3] and VVC [4].

The LIC method with this entropy model is used in many
studies on ICM. Most of these studies attempt to improve
compression performance by devising new loss functions to
optimize LIC without altering the design of the entropy model.
For example, methods using task-loss [10]-[13] and region-
learning-loss [24], [25] have been successfully implemented in
ICM. ICM methods based on task-loss employ the accuracy of
the image recognition task as a loss function for training LIC.
These methods enable effective image decoding for machines
by learning image compression methods that maintain high
recognition accuracy. In the ICM method based on region-
learning-loss, LIC learns the compression method for specific
parts of the image. This approach ensures that the critical
parts required for image recognition are efficiently decoded.
These two loss function innovations contribute to improving
the accuracy of ICM without redesigning the entropy model
of LIC. However, there is still room for improvement in the
design of the entropy model for ICM.

We revise the design of the entropy model and propose a
new ICM method, Delta-ICM. By incorporating a probability
distribution based on the delta function (delta distribution)
into the entropy model, we achieve efficient image compres-
sion for machines. Assuming the delta distribution for latent
features reduces the entropy of parts of the image that are
not needed for image recognition. Other parts in the image
are compressed using an entropy model based on a normal
distribution, similar to existing methods. Delta-ICM allows for
the design of efficient entropy models by selecting either an
entropy model based on the delta distribution or one based on
the normal distribution for each latent feature in the image. We
demonstrate that our method offers better image compression
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(c): Modeling of proposed ICM method.

Fig. 1. Entropy model design. (a): LIC model proposed by Balle’ et al., (b):
Conventional ICM method, using Gaussian distribution, (c): Proposed ICM
method, using Gaussian and Delta distributions.

performance for machines compared to existing ICM methods.
We verify the generality of our proposed method by applying
it to object detection and instance segmentation tasks.

In summary, we make the following contributions.

e We propose Delta-ICM, a method that enhances image
compression for machines by assuming a delta distribu-
tion for the probability distribution of latent features.

¢ Our design includes an entropy model that utilizes both
normal and delta distributions, allowing the LIC to be
optimized by selecting the appropriate distribution for
each latent feature.

e Delta-ICM outperforms other ICM methods in image
compression performance for object detection and seg-
mentation.

II. RELATED WORK

A. Entropy Model in Learned Image Compression

Learned Image Compression (LIC) is a neural network-
based image compression method [14]-[16]. Many LIC meth-
ods have been proposed in recent years, and these typically
include an entropy model to encode the features. Most of these
methods use the hyperpripr-based entropy model framework
proposed by Balle’ et al. [18] to enable efficient coding. This
framework is shown in Fig.1(a). y is the latent feature obtained
from the image x by the function g,, represented in the neural
network. z is the feature that conditions y, obtained from
the latent feature y through the function h,. The probability
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Fig. 2. Learning method for SA-ICM. Using the mask images, the learned
image compression (LIC) model is trained to encode and decode specific
regions of the image.

distribution of the latent feature y conditioned on z is assumed
to follow a normal distribution with mean 0, that is,

pyg12(812) ~ N(0,02). (1)

In (1), o is the value estimated from 2 and represents the
scale of the normal distribution. The study by Minnen et
al. [19] extends this framework and assumes the probability
distribution of the latent feature y as follows:

pgiz(912) ~ N(u,0?). 2)

In (2), p and o are both estimated from £ and represent the
mean and scale of the normal distribution, respectively. By
assuming the normal distribution as the probability distribution
of the feature y, the entropy model is formulated as follows:

pylz(912) = Hpg\z"(@‘ﬁ)

Aln 1 1..,.
pareii12) = (N (s, 02) = U(— 3, )3 G
1 CYitz o 1 i
= 2erfc( T, ) 2erfc( T, ).

In (3), U is the uniform distribution for reproducing quanti-
sation noise and erfc is the complementary error function.
This equation can also be expressed using the cumulative
distribution function c of the Gaussian distribution as follows:
s .1 .1

Py|2(0il2) = c(¥i + 5) —c(gi — §)~ “)

Several other entropy models have been proposed as en-
coding methods to be incorporated into LIC for human vision
[26], [27]. In the study by Cheng et al. [27], a mixed normal
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Fig. 3. Examples of coded images of the COCO2017 dataset and their bitrates. (a): Input image, (b): Decoded image by the conventional method (SA-ICM),

(c): Decoded image by the proposed method (Delta-ICM).

distribution is assumed as the probability distribution of the
feature y, that is,

K

Pgiz(912) ~ Y wPN (u®), a*®). )
k=1

Fu et al. [26] have proposed an entropy model using Laplacian
and Logistic distributions. These innovative designs in entropy
models have contributed to improving the compression perfor-
mance targeting human vision. LIC models with these entropy
models are optimized using the following loss functions:

L=R(y)+ R(z)+ A mse(x,T). (6)

In (6), R(y) and R(z) are the bitrates of y and z, respectively.
x represents the input image, and & represents the decoder
output image. mse represents the mean squared error function
and A is a constant to control the rate.

The design of the entropy model and loss function in LIC
has been extensively studied as an image compression method
for human vision. This design has also been integrated into
most ICM methods, achieving some performance as an image
compression method aimed at machine vision. However, we
believe that the design of LIC in ICM is open to review.

B. Image Coding for Machines

As image recognition accuracy improves, image compres-
sion techniques for machines have become essential to make
image recognition models more prevalent. This technique is
known as “Image Coding for Machines (ICM),” and many
methods have been proposed. Most of these methods involve
modifications to the LIC model used for human vision. There
are two main types of modifications in ICM.

The first modification method is to increase the input to
the LIC model. In this approach, an ROI-map is provided
to the LIC model along with the image to be compressed
[28], [29]. This ensures that more bits are allocated to parts
of the image needed for image recognition. The advantage
of this method is its broad applicability to object detection
and instance segmentation tasts. There are also methods to
incorporate ROI-map into pre-trained LIC models or rule-
based codecs like VVC and HEVC [5], [30]. These methods
do not require additional training and can be integrated into
existing compression methods. However, using the ROI-map
as input to the LIC model means that the ROI-map must be
estimated before compressing the image.

The second method for modification involves changing the
loss function used to train the LIC model. A new loss compo-
nent is added to the loss function of the LIC model shown
in (6). In the ICM method, there are two main additional
loss components: task-loss and region-learning-loss. Task-
loss measures the error between the image recognition result
obtained by inputting the decoded image into the recognition
model and the ground truth label [10]-[12]. Training the LIC
model to minimize this loss makes it possible to decode images
for machines while reducing the bitrate. The loss function
of the LIC model, including task loss, is expressed by the
following equation.

L=R(y) +R(z) + A\ -mse(x, &) + Ao - M(&). (7)

In (7), R, mse, y, z, , and & have the same meaning as
those functions, variables, and constants in (6). M(&) is the
task-loss that can be computed by inputting the coded image
into the image recognition model. A\; and A, are constants to
control the rate. ICM methods using task loss can optimize the
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Fig. 4. Image compression performance for image recognition tasks. (Left): Object detection accuracy with Yolov5 versus bitrate; (Middle): Object detection
accuracy with Mask R-CNN versus bitrate; (Right): Segmentation accuracy with Mask R-CNN versus bitrate.

LIC model for image recognition. On the other hand, these
compression methods can only achieve image compression
for the specific image recognition model used during their
optimization.

Region-learning-loss is the MSE between the decoded im-
age and the original image in a specific part of the image [24],
[25]. To learn how to decode a specific part of the image, a
mask image is needed to indicate that part during training.
The loss function of the LIC model with region-learning-loss
is expressed by the following equation:

L=R(y)+R(z)+ A - mse(x ®my, T Omy). (8)

In (8), m, is the binary mask image corresponding to input
image . Other variables and functions have the same meaning
as those shown in (6). As mask images, some methods use
handcrafted segmentation labels or segmentation results from
the Segment Anything Model (SAM) [31]. Specifically, SA-
ICM enables the LIC to learn a compression method for edge
regions created using SAM, as shown in Fig.2. The mask
image is only needed during the training of the LIC model, not
during testing. The advantage of this learning method is that it
can decode suitable images for various image recognition tasks
without requiring additional information such as ROI-maps or
mask images. In addition, this approach can be extended to
image coding methods for humans and machines [32], [33]. In
this paper, the ICM method with region-learning-loss is used
to investigate better-performing image compression methods.

ITII. PROPOSED METHOD
A. Entropy Model with Delta Function

We propose a new ICM method called Delta-ICM, which
incorporates a delta function into the entropy model. Typically,
most LIC models used for image compression for both humans
and machines utilize the entropy model shown in (3). This
entropy model is effective when the entire image needs to be
decoded. However, as we can see from the loss function (8),
the ICM method does not always require the entire image to be
decoded, allowing us to reconsider the design of this entropy
model. To efficiently eliminate unnecessary information from
parts of the image that do not need to be decoded, we introduce
a delta function into the entropy model. This entropy model
ensures that a feature with a specific value has a probability of

1, effectively reducing the information content of that feature.
The delta function can be treated like a probability distribution
because its integral from —oo to oo equals 1. Therefore, in
this paper, the probability distribution represented by the delta
function 6(z — a) is referred to as a delta distribution and
is denoted as d(a). By incorporating this distribution into the
entropy model, we attempt to efficiently eliminate the parts
of the image that are unnecessary for recognition. Assuming
that the latent feature y of the image follows only a delta
distribution under the conditioning by feature z, the entropy
model can be expressed as follows:

pare 5112 = (0(p) = U(— 3. 1)) o
:F(ﬂiﬁL%*M)*F(Qi*%*M)-

In (9), F' is the cumulative distribution function of the delta
distribution. This can be expressed as following:

3
ro= [ sma={; £2] (10)

(€ <0)

In the ICM method, the parts of the image needed for
machines must be decoded. For these parts, we aim to use
the entropy model with the normal distribution, as shown in
(2). Therefore, we propose a method where either the delta
distribution or the normal distribution is selected for each
image part, and the appropriate distribution is used to encode
the parts. In the proposed method, the latent features y of the
image are assumed to follow a mixture of normal and delta
distributions, that is,

Pgiz(G2) ~ {wN (p,0%) + (1 —w)d(w)}. (1D

In (11), w is the parameter to be optimized in training the LIC
model. This parameter balances the application of the delta
distribution with that of the normal distribution. The entropy
model is also expressed by the following equation:
pyi2(9il2) =
) 11 ()
(s (i, 72) + (1= wi)d ()} < U(—5, 5) ().

The training of the LIC model with this entropy model enables
the encoding of latent features using both delta and normal
distributions.



TABLE I
PERFORMANCE COMPARISON BETWEEN SA-ICM AND DELTA-ICM.
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Fig. 5. Bitrate of decoded images in the COCO (validation) dataset using
Delta-ICM and SA-ICM, respectively. The only difference between these ICM
methods is the entropy model design method. All other design and training
methods are the same.

IV. EXPERIMENT
A. Image Coding for Yolov5

To validate the effectiveness of the proposed method, we
evaluate its image compression performance on machine tasks.
In the first experiment, we use Yolov5 [34] as the image
recognition model for an object detection task. COCO (train)
dataset [35] is used to train Delta-ICM and (8) is used as
the loss function. Delta-ICM is trained using 0.03, 0.05, and
0.06 as the values of A in (8). After training Delta-ICM, we
compress the COCO (train) and COCO (validation) datasets to
generate the corresponding coded image groups. An example
of coded images is shown in Fig.3. These image groups are
then used for training and testing Yolov5.

The image compression performance for Yolov5 is shown
in Fig.4. The vertical axis represents the object detection ac-
curacy (mAP), while the horizontal axis represents the bitrate.
Navy curves represent the image compression performance
of the proposed method, while the other curves represent
the performance of the comparison method. In particular, the
curves in red and green are the conventional ICM methods
[24], [25]. From this graph, the proposed method shows better
compression performance than the comparison method.

B. Image Coding for Mask R-CNN

In the second experiment, Mask R-CNN [36] is used as
the image recognition model for both object detection and
segmentation tasks. As in the first experiment, Delta-ICM is
employed to generate coded images from the COCO (train)
and COCO (validation) datasets. These coded image groups
are used for training and testing Mask R-CNN, respectively.
The image compression performance for Mask R-CNN is
shown in Fig.4. As in Fig4, the Navy curve shows the
compression performance of the proposed method. The other
colors show the compression performance of the comparison
method. In particular, the red, green, pink and orange curves
are the conventional ICM method [7], [24], [25], [37]. From
these graphs, it is evident that the proposed method achieves

Fig. 6. Ratio of Gaussian to Delta distribution in Delta-ICM. The grayscale
images represent the weights in (11). Black areas indicate the use of the delta
distribution, while white areas correspond to the Gaussian distribution.

superior image compression performance for image recogni-
tion compared to the conventional ICM method.

C. Comparison of Delta-ICM and SA-ICM

The proposed method and SA-ICM share almost the same
model structure and use the same loss function for training.
The key difference between these methods lies in the entropy
model. The entropy model of Delta-ICM is constructed using
both delta and normal distributions, as described in (11), while
the entropy model of SA-ICM uses only the normal distribu-
tion, as in (2). To validate the design of our entropy model,
we compare the performance of Delta-ICM and SA-ICM. BD-
mAP[%] is calculated for each of the three graphs in the Fig.4,
and the results are shown in Table I. This table shows that
Delta-ICM can achieve the same recognition accuracy with
3,4[%] less bitrate than SA-ICM. Fig.5 presents a comparison
between Delta-ICM and SA-ICM using the exact same values
for A(0.05) and m in (8). This graph shows the distribution
of the bitrate for the COCO (validation) dataset, compressed
using these two ICM methods. The vertical axis indicates
the number of images and the horizontal axis indicates the
bitrate. It can be seen that the distribution of the bitrate of
the compressed image by Delta-ICM is to the left of that
of SA-ICM. This confirms the bitrate reduction due to the
introduction of the delta function to the entropy modeling.

Additionally, in Fig.6, we visualize the value of the variable
w from (11). The white and black regions in the figure indicate
areas coded using the normal and delta distributions, respec-
tively. This visualization confirms that our entropy model
design effectively separates the distribution used, depending
on the different parts of the image.

V. CONCLUSION

We proposed an entropy model for learned image compres-
sion using the delta function. In designing the entropy model,
we utilized both gaussian and delta distributions, allowing us
to choose the optimal distribution for each image feature.



By applying this entropy model to the ICM method, our
experiments demonstrated that this model effectively discards
unnecessary image textures for image recognition. We also
validated the performance of Delta-ICM by comparing its
compression efficiency to conventional ICM methods. Using
Yolov5 and Mask R-CNN as image recognition models, and
object detection and segmentation as tasks, we confirmed the
suitability of our proposed method for various models and
tasks. Future research should focus on developing an improved
entropy model to further enhance compression performance.
Additionally, the method for reducing the model’s weight
to integrate ICM technology into smart devices should be
discussed.
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