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ABSTRACT

Image Coding for Machines (ICM) is an image compression
technique for image recognition. This technique is essential
due to the growing demand for image recognition AI. In this
paper, we propose a method for ICM that focuses on encod-
ing and decoding only the edge information of object parts
in an image, which we call SA-ICM. This is an Learned Im-
age Compression (LIC) model trained using edge informa-
tion created by Segment Anything. Our method can be used
for image recognition models with various tasks. SA-ICM
is also robust to changes in input data, making it effective
for a variety of use cases. Additionally, our method provides
benefits from a privacy point of view, as it removes human
facial information on the encoder’s side, thus protecting one’s
privacy. Furthermore, this LIC model training method can
be used to train Neural Representations for Videos (NeRV),
which is a video compression model. By training NeRV using
edge information created by Segment Anything, it is possible
to create a NeRV that is effective for image recognition (SA-
NeRV). Experimental results confirm the advantages of SA-
ICM, presenting the best performance in image compression
for image recognition. We also show that SA-NeRV is su-
perior to ordinary NeRV in video compression for machines.
Code is available at https://github.com/final-0/
SA-ICM .

Index Terms— Image Coding for Machines, ICM, Seg-
ment Anything, Image Recognition, NeRV

1. INTRODUCTION

ICM is a technique for compressing images to reduce the bit
rate without compromising image recognition accuracy. Im-
age compression technology is necessary for efficient trans-
mission and storage of images, contributing to higher com-
munication speeds and reduced device load. Conventional
image compression techniques are designed to encode and de-
code images with as little loss of visual image information as
possible. JPEG [1], AVC/H.264 [2], HEVC/H.265 [3] and

The results of this research were obtained from the commissioned re-
search (JPJ012368C05101) by National Institute of Information and Com-
munications Technology (NICT), Japan.

VVC/H.266 [4] are standards that are constructed based on
rule-based algorithms, designed to reduce the amount of in-
formation by primarily truncating the high-frequency compo-
nents of an image. This is based on the fact that the truncation
of high-frequency components of an image has a small im-
pact on image quality in human vision. Apart from rule-based
compression methods, there are also several image compres-
sion methods that use LIC models [5, 6]. These models are
trained to match the input and output images of the model,
as shown in Fig.1(a). The loss function is expressed by the
following equation:

Lh = R(y) + λ ·mse(x, x̂). (1)

In (1), y is the encoder output of the LIC model, R(y) is the
bitrate of y and is calculated using compressAI [7]. x rep-
resents the input image, and x̂ represents the decoder output
image. mse represents the mean squared error function and λ
is a constant to control the rate. These models also attempt to
decode the pixel values of the input image, hence reconstruct-
ing images with good visual quality. On the other hand, con-
ventional methods are not compatible for ICM method. This
is because generally the amount of information in an image
required for image recognition is less than that required for
viewing [8]. Therefore, research on ICM has been conducted,
where JPEG and MPEG have begun standardization of image
and video coding methods for machines.

There are three main approaches to ICM: Region of Inter-
est (ROI)-based approach [9, 10, 11], Task-loss (TL)-based
approach [12, 13, 14], and Region Learning (RL)-based ap-
proach [15]. The ROI-based approach is a technique that
uses an ROI-map to allocate more bits to a specific part of
the image, as shown in Fig.1(b). An image and its corre-
sponding ROI-map are input to the encoder, and the image
is compressed according to the guide of the map. The prob-
lem with this approach is that the encoder must be equipped
with an image recognition model to create the ROI-map. The
TL-based approach uses the output of the image recognition
model as the loss function to train the LIC model, as shown
in Fig.1(c). The LIC model is trained to increase the image
recognition accuracy of the decoded image. Unfortunately,
the LIC model is vulnerable to changes in image recogni-
tion models because it learns image compression methods
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Fig. 1. Overview of image compression process. (a) : LIC
model for human vision. (b) : ROI-based approach for
ICM. (c) : Task-loss-based approach for ICM. (d) : Region-
Learning-based approach for ICM.

for a particular image recognition model. The RL-based ap-
proach is a method that allows the LIC model to learn only
encoding/decoding methods for specific parts of the image,
as shown in Fig.1(d). The LIC model decodes object parts
in the image cleanly and other parts roughly, enabling image
compression for object detection and instance segmentation
models. Handmade mask images in the COCO dataset [16]
are used to train this LIC model. As for its concerns, image
compression methods for semantic and panoptic segmenta-
tion models are not considered, since the decoded images do
not preserve the background information in the images.

In this paper, we propose a new ICM model (SA-ICM)
that solves the problems of the above approaches. The pro-
posed method is a type of RL-based approach, which does
not require additional information such as ROI-map as en-
coder input and does not learn using task-loss. On the other
hand, unlike existing RL-based methods, it does not use mask
images in the COCO dataset. Instead, SA-ICM uses mask im-
ages generated by Segment Anything Model (SAM) [17]. The
edges of the segmentation map generated using SAM are used
to train the LIC model. This creates an LIC model that can de-
code only the main edge information. The proposed method
reduces more textures than existing RL-based approaches and
while also removing human face textures. It has good prop-
erties both in terms of image compression and privacy pro-

tection. Furthermore, this learning method can be applied to
the NeRV [18] learning method to create a video compression
model for image recognition (SA-NeRV). In experiments, we
will investigate the image compression performance of SA-
ICM for image recognition and compare it to other meth-
ods for ICM to demonstrate the effectiveness of this method.
For the image recognition models, we use an object detec-
tion model, an instance segmentation model, and a panoptic
segmentation model to show the robustness to changes in the
image recognition model. By using COCO, VisDrone [27],
and Cityscapes [20] as the datasets, we show that our method
can be used in various use cases. We also compare the image
recognition accuracy between SA-NeRV and ordinary NeRV
decoded images to confirm the effectiveness of SA-NeRV.

2. RELATED WORK

2.1. Image Coding for Machines (ICM)

As opportunities for the use of image recognition technology
increase, research on image compression for machines flour-
ishes. Many methods have been proposed, most of which
can be categorized into one of the following three approaches,
each with its drawbacks and advantages. There are three main
ICM approaches: the ROI-based approach, the TL-based ap-
proach, and the RL-based approach.

The ROI-based approach [9, 10, 11] uses an ROI-map to
allocate more information to a specific part of the image, as
shown in Fig.1(b). This approach has the problem of plac-
ing a large load on the encoder’s device because the ROI-map
must be created on the encoder side. Also, since more bits are
allocated to the object part of the image, the decoded image
is effective for object detection. However, this approach is
not necessarily effective for image recognition tasks that re-
quire a background. On the other hand, the advantage of this
approach lies in decoding images that are effective for both
machine and human vision. The study by B. Li et al. [11]
evaluates image compression performance in terms of object
detection accuracy, instance segmentation accuracy, and im-
age quality.

The TL-based approach [12, 13, 14] is an approach that
attempts to optimize the LIC model using the output of the
image recognition model, as shown in Fig,1(c). Equation 1
plus task-loss, which is computed using the output of the im-
age recognition model, is used as the loss function. For ex-
ample, to create an LIC model for YOLO [21], a type of ob-
ject detection model, the LIC model is trained using the ob-
ject detection accuracy of YOLO in the decoded image. The
loss function for the LIC model in the TL-based approach is
shown as:

Ltl = R(y) + λ1 ·mse(x, x̂) + λ2 · M(x̂). (2)

In (2), R, mse, y, x, and x̂ have the same meaning as those
functions, variables, and constants in (1). M(x̂) is the task-
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Fig. 2. Examples of the mask image. (a) : Original image. (b) : Mask image in COCO dataset. (c) : Mask image generated using
SAM (α = 0.98). (d) : Mask image generated using SAM (α = 0.93). (e) : Mask image generated using SAM (α = 0.48).
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Fig. 3. The proposed training method of the LIC model.

loss that can be computed by inputting the coded image into
the image recognition model. λ1 and λ2 are constants to con-
trol the rate. The problem with this approach is that for a
given image recognition model, a corresponding LIC model
is required. However, R. Feng et al. [22] proposed an im-
age compression method for various image recognition mod-
els using ResNet50 [23] feature-based learning method.

The RL-based approach [15] is the newest of these three
approaches. As shown in Fig.1(d), it is an ICM approach
where the LIC model is trained to encode and decode only
the texture of the object part in the image. The loss function
used to train the LIC model is the following:

Lrl = R(y) + λ ·mse(x⊙mx, x̂⊙mx). (3)

In (3), R, mse, y, x, x̂, and λ have the same meaning as
those functions, variables, and constants in (1). mx is the bi-
nary mask corresponding to x. Handmade mask images in
the COCO dataset are used as mask images. This method
has been shown to have good compression performance as
an image compression method for object detection and in-
stance segmentation models. Conversely, the decoded images
are not suitable for semantic and panoptic segmentation tasks

because this LIC model does not learn how to encode and de-
code the background parts in the image.

2.2. Neural Representations for Videos (NeRV)

NeRV [18] is a technique for embedding video information in
a neural network. Unlike the conventional approach, which
treats video as a collection of frame images, NeRV treats
video as a neural network. By inputting a frame index to the
neural network corresponding to that video, the correspond-
ing frame image is output. The loss function used to train
NeRV is expressed by the following equation:

Ln =
1

T

TX
t=1

β||x− x̂||+ (1− β)(1− ssim(x, x̂)). (4)

In (4), x, and x̂ have the same meaning in (1). T is the number
of frames and β is the constant to balance the weight for each
loss componennt. By training NeRV so that the input image
matches the output image, it is possible to decode images that
are useful for human vision. NeRV, which can embed video
information, is applied as a video compression method. By
applying model pruning, model quantization, and weight en-
coding to the neural network in which the video is embedded,
model compression is performed. Since the neural network
of NeRV is the video itself, compressing its model means to
compress the video. Experimental results have shown that
this method has video compression performance comparable
to HEVC.

3. PROPOSED METHOD

3.1. SA-ICM

We propose SA-ICM, a method to encode and decode only
the edge information in an image by training the LIC model
using a segment anything. This method is a variant of the RL-
based approach, which requires no additional information in-
put and does not train the model using task-loss. The original
RL-based approach [15] used the image shown in Fig.2(b) as
the mask image and trained the LIC model only on the object
regions in the image. However, the decoded image using this
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Fig. 4. Examples of coded images of the COCO2017 dataset. The top line is the input image, the middle line is the coded image
by the conventional method of RL-based approach (Object-ICM)[15], and the bottom line is the coded image by the proposed
method (SA-ICM).

approach is not suitable for image recognition tasks that re-
quire background information in the image because the back-
ground in the image is represented roughly. In addition, un-
necessary textures of object parts are decoded, meaning there
are still rooms for improvement in compression performance.

In this paper, we train the LIC model using the images
shown in Fig.2(c)-(e) as mask images. This mask image is ob-
tained by inputting the segmentation map created from SAM
into the Canny edge detector. By changing the confidence
value (α) when estimating the segmentation map using SAM,
different masks can be obtained, as shown in Fig.2(c)-(e). The
smaller the α, the more object masks SAM outputs, hence
more edges are detected, as shown in Fig.2(e). As shown in
Fig.3, the LIC model trained with these masks learns to en-
code and decode only the edge information in the image. The
loss function used to train the LIC model is expressed as fol-
lows:

Lp = R(y) + λ ·mse(x⊙ samx(α), x̂⊙ samx(α)). (5)

In (5), R, mse, y, x, x̂, and λ have the same meaning as
those functions, variables, and constants in (1). samx(α) is
the mask image corresponding to x created using SAM. These
mask images are only used during training of the LIC model
and are not used during testing. This learning method creates

an LIC model capable of removing object texture while not
completely removing background information.

3.2. SA-NeRV

The learning method of SA-ICM is applied to NeRV to im-
prove the image recognition accuracy in NeRV decoded im-
ages. The original NeRV [18] is a technique to embed video
information necessary for human vision into a neural network
using Eq.(4) as a loss function. In this paper, we propose a
technique to embed video, especially the edges of the video,
into a neural network (SA-NeRV). The loss function used to
train SA-NeRV is as follows:

Lsa�n = Ln +
1

T

TX
t=1

β||x⊙ samx(α)− x̂⊙ samx(α)||

+(1− β)(1− ssim(x⊙ samx(α), x̂⊙ samx(α))). (6)

In (6), x, x̂, T and β have the same meaning as those vari-
ables and constants in (4). Ln is the loss component in NeRV
training, as shown in Eq. (4). By learning NeRV with Lsa�n

as the loss function, the position and shape of objects in the
video are efficiently embedded in the neural network. This
method can be used to decode images that are useful for im-
age recognition models.
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Fig. 5. Compression performance in object detection accu-
racy of YOLOv5. The left figure shows compression perfor-
mance for COCO, and the right figure shows the same for
VisDrone.

Fig. 6. Compression performance in image recognition ac-
curacy of Mask-RCNN. The left and right figures show the
compression performance in detection accuracy and instance
segmentation accuracy, respectively.

Fig. 7. Compression performance in instance segmentation
accuracy of Panoptic-deeplab.

Fig. 8. Compression performance in panoptic segmentation
accuracy of Panoptic-deeplab.

4. EXPERIMENTS

4.1. Experimental Methods for Evaluating SA-ICM

To confirm the effectiveness of SA-ICM, we measure its im-
age compression performance. First, a mask image corre-
sponding to an image in the COCO-train dataset is created
using SAM. The confidence values used for mask creation
are [0.98,0.93,0.48]. These mask images are used to train the
LIC model. We use the model proposed by J. Liu et al. [6] for
the LIC model and Eq.(5) for the loss function. Although the
rate can be controlled by changing λ, we set the value to 0.05
in this experiment. The decoded image with these models is
shown in Fig.4. It can be seen that the decoded image loses its
texture but the information of object shape is retained. Also,
the information on the human face is lost during compres-
sion, which is good for privacy protection. Next, we measure
the image compression performance of the trained LIC mod-
els. YOLOv5 [24], Mask-RCNN [25], and Panoptic-deeplab
[26] are used as image recognition models. Mask-RCNN
can simultaneously perform instance segmentation and ob-
ject detection, while Panoptic-deeplab can perform panop-
tic segmentation and instance segmentation at the same time.
The object detection accuracy when using YOLOv5 is mea-
sured by the COCO dataset and the VisDrone dataset. This
YOLOv5 is fine-tuned by data composed of compressed train-
ing datasets, obtained from trained LIC model. The training

data for each dataset is compressed using the LIC model, and
YOLOv5 is fine-tuned with those data. The image recogni-
tion accuracy when using Mask-RCNN and Panoptic-deeplab
is measured using the COCO and Cityscapes datasets, respec-
tively.

4.2. SA-ICM Evaluation Experimental Results

Comparisons of the proposed method with other methods for
ICM are shown in Fig.5-8. In all these figures, the light blue
dotted line represents the image recognition accuracy in un-
compressed images, and the green star-shaped points indicate
the image compression performance of the proposed method.
Originally, many points are calculated by varying the value of
λ in Eq.(5), but in this experiment, the compression perfor-
mance at multiple points is calculated by changing α instead
of λ. Fig.5 shows the relationship between object detection
accuracy and bit rate for the COCO and VisDrone datasets.
The model used for object detection is YOLOv5. In both
figures, mAP50:95 is used as the index of object detection
accuracy. Fig.6 shows the image recognition accuracy using
Mask-RCNN on the COCO dataset. The left figure shows the
relationship between object detection accuracy and bitrate.
The right figure represents the relationship between instance
segmentation accuracy and bitrate. It can be seen that the
proposed method has better compression performance than
conventional RL-based methods in the object detection and
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Fig. 9. The top line is the input video frame, the middle line
is the decoded frame using NeRV [18], and the bottom line is
the decoded frame using SA-NeRV.

instance segmentation tasks. Fig.7 and Fig.8 show the re-
lationship between image recognition accuracy and bit rate
using Panoptic-deeplab. Unlike the original RL-based ICM
method, SA-ICM has good image compression performance
for panoptic segmentation tasks that require background in-
formation in the image. These results indicate that SA-ICM
is an effective image compression method for image recogni-
tion models of various tasks, robust to changes in use cases.

4.3. Experimental Methods for Evaluating SA-NeRV

To evaluate the efficiency of SA-NeRV, we compare the image
recognition accuracy of the original NeRV decode images and
SA-NeRV decoded images. We use the SFU-HW-Objects-v1
[27] dataset, consisting 18 sequences and their corresponding
annotations for object detection. These sequences are classi-
fied into five classes (A to E) according to the image size and
the characteristics. This dataset is also applied for the Com-
mon Test Condition in MPEG’s VCM standardization activ-
ities. In this experiment, we work with class C and class D
sequences from this data set. After embedding these videos
in NeRV and SA-NeRV, the videos are decoded. We use the
pre-trained YOLOv7 [28] to measure the object detection ac-
curacy in the decoded videos.

Table 1. Object detection accuracy (mAP [%]) of NeRV and
SA-NeRV decoded video in each sequence.

sequence name NeRV [18] SA-NeRV
BQMall 28.03 28.24
BasketballDrill 34.26 34.93
PartyScene 34.34 34.61
RaceHorsesC 80.99 81.77
BQSquare 27.84 29.80
BasketballPass 23.29 24.88
BlowingBubbles 41.83 48.84
RaceHorsesD 89.12 88.98

4.4. SA-NeRV Evaluation Experimental Results

The object detection accuracies in the decoded images are
shown in Table 1. It can be seen that for most sequences, the
detection accuracy in the SA-NeRV decoded image is higher
than that in the NeRV decoded image. An example of a de-
coded image is shown in Fig.9. The decoded image of SA-
NeRV has a more correct decoded object shape than the de-
coded image of the original NeRV. From the above, it can be
said that the decoded image of SA-NeRV is more appropri-
ate than the decoded image of the existing method in terms of
image recognition.

5. CONCLUSION

In this paper, we propose SA-ICM and SA-NeRV. Using edge
information learning, we constructe an LIC model that en-
codes and decodes object shapes in images. Compared to
conventional methods, our LIC model reveals superior im-
age compression performance. Other than the benefit from a
privacy point of view, our method is also flexible to change
in use cases. Furthermore, we confirm that the image recog-
nition accuracy of the NeRV-decoded image can be improved
by employing our training method.
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