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ABSTRACT
We propose to address the Inverse Halftone Colorization
task, which tries to recover colorful images from black and
white halftone prints, and can be treated as the joint problem
of inverse halftone and colorization. Although the inverse
halftone colorization seems to be achievable via applying in-
verse halftone followed by colorization, our proposed method
advances from two perspectives: (1) we empirically discover
that the orders of cascading inverse halftone and coloriza-
tion (i.e first inverse halftone then colorization versus the
reverse order) would lead to results with different proper-
ties, hence a fusion scheme is proposed to integrate their
results; (2) we introduce several novel losses to encourage
the realness, diversity, and the structural coherence of the
colorization. Moreover, our model is flexible to support both
exemplar-based and random colorization. We conduct exten-
sive experiments to demonstrate the efficacy of our method
as well as verify the contributions of our design choices.

Index Terms— Inverse halftone, Colorization

1. INTRODUCTION

As lots of photographs on printed matter from early years
are based on the halftone printing, when we nowadays would
like to digitally archive or further manipulate these histori-
cal photos obtained from the printed products, the “inverse
halftone” process of recovering the continuous-tone images
from halftone prints becomes a practical but difficult problem
due to the loss of details in the halftone images. Numerous
methods addressing the inverse halftone problem have been
proposed, from the classicial approaches (e.g. based on fil-
tering [1, 2], look-up-tables [3], or dictionary learning [4]) to
recent deep-learning-based ones [5, 6, 7, 8].

Another widely discussed task on archiving historical or
old images is “colorization”, where the grayscale images are
colorized for making them more visually appealing. Coloriza-
tion is also challenging since its nature of being a ill-posed
problem, in which a single gray-level image can be mapped
into multiple colorful appearance. There already exists differ-
ent methods of colorization, in which they can be roughly cat-
egorized into two groups by their ways of providing sources
of color appearance: the passive ways (e.g. drawing color la-
tent from random noise [9, 10, 11, 12]) and the active ones
(e.g. user-guided scribbles [13, 14] or color reference im-

ages [15, 16, 17, 18]. When some of the passive methods
suffer from the lack of diversity (e.g. [10, 11]) or are eas-
ily prone to produce visual artifacts such as color bleeding
and color washout (e.g. [12]), the active ones however require
users to carefully place the scribbles or choose a suitable ref-
erence image (e.g. with similar content as the input image)
in order to achieve convincing results, thus making them im-
practical for large scale or general applications.

In this paper we propose to tackle the problem of jointly
performing inverse halftone and colorization, as named as
“inverse halftone colorization”, which is a holistic procedure
of generating colorful continuous-tone images from the given
black-and-white halftone prints, as some examples shown in
Figure 2. To the best of our knowledge, we are the first of
its kind to discuss such joint problem, although there already
exists quite some prior works on either inverse halftone or
colorization. In particular, our proposed method is deep-
learning-based and equipped with several novelties: Firstly,
while we are able to obtain the primary results of inverse
halftone colorization via straightforward combination of in-
verse halftone and colorization approaches, we empirically
discover that the two opposite orders of cascading them (i.e.
inverse halftone followed by colorization, and colorization
followed by inverse halftone) will end up with distinct out-
puts (e.g. having artifacts on different image regions, see
Figure 3). We therefore propose a fusion network to simul-
taneously take these two cascade orders into consideration
for producing the fused results with better image quality;
Secondly, with respect to previous colorization works, we not
only make the colorization part of our proposed method to
support different sources of color information (e.g. through
random noise or color references) but also propose various
objectives to better improve the quality of colorization, in-
cluding the similarity loss for improving the colorization
coherence among the pixels of the same semantic class, the
histogram loss for encouraging the consistency between color
distributions of the colorized output and its corresponding
color reference image, as well as the mode seeking loss for
ensuring the diversity on the colorization results. The details
of our proposed method are provided in the following sections
with the extensive experiments for showing our contributions
and superior performance in comparison to several base-
lines. Our code is available at https://github.com/
ccc870206/InverseHalftoneColorization.

https://github.com/ccc870206/InverseHalftoneColorization
https://github.com/ccc870206/InverseHalftoneColorization


Fig. 1: Illustration of (a) the colorization scheme and (b) our full model with fusion network for the task of inverse halftone
colorization task. Please note that we shade each sub-network in different colors, where the gray-shaded ones are pretrained
and fixed, while others are learnable in our full model training procedure.

2. PROPOSED METHOD

Our goal is to transfer the bi-level (black and white) halftone
image Ih ∈ RH×W×1 into a colorful continuous-tone image
Ĩ ∈ RH×W×3, where the proposed method consists of three
main components: the inverse halftone network (denoted as
IHN), the colorization network, and the fusion network, as
shown in Figure 1. We detail our model designs as follows.

2.1. Inverse Halftone Network (IHN)

Our inverse halftone network (IHN) aims to recover the
continuous-tone image Ĩbw ∈ RH×W×1 from a given halftone
image Ih (we assume that Ih is obtained by first turning a
color image I into grayscale Ibw then performing halftoning).
Our IHN architecture is extended from the state-of-the-art
PRL model [6] where its content aggregation for synthesizing
the global tone is replaced by a 7-layers U-Net to better sup-
port the analog halftoning (i.e. the target type of halftoning
in this paper and being used in most of the historical im-
ages). Moreover, the input of our content aggregation module
now additionally takes a random noise map zh ∈ RH×W×8,
which is drawn from N (0, I) and smoothed by a Gaussian
kernel, for helping synthesize the information loss between
the halftone image and its corresponding continuous-tone
one. Our IHN achieves the better performance of inverse
halftone comparing to the original PRL model [5] in terms of
PSNR (25.77 versus 23.95 on our experiment datasets). The
objective for training IHN includes the pixel loss Lpixel and
the perceptual loss Lpercep:

Lpixel =
∑

λ1‖Ĩ ′bw − Ibw‖2 + λ2|Ĩbw − Ibw|

Lpercep =
∑
‖Φconv4 4(Ĩbw)− Φconv4 4(Ibw)‖2

where Ĩ ′bw is the output of the content aggregation module,
Φconv4 4(·) denotes the feature extracted from conv4 4 layer
of the ImageNet-pretrained VGG network, and λ1 and λ2 here
are set to 5 and 1 respectively.

2.2. Colorization Network

Given the grayscale image Ĩbw, our colorization network G
as shown in Figure 1(b) takes Ĩbw, the edge map Ĩedgebw of Ĩbw,
and the color latent code zc as input to produce the coloriza-
tion result of Ĩbw. In particular, the edge map here is leveraged

to help G better maintain the structure consistency. As our
aiming to support both exemplar-based and random coloriza-
tion, we propose to have three different training schemes:
Recovery Scheme. Ideally, when we colorize an inverse
halftone image Ĩbw = IHN(Ih, z

h) by the color appearance
of its corresponding groundtruth color image I , the output
Ĩrec of G should well recover I , where the color appearance
of I is extracted by an encoder E into a color latent code zcrec
and Ĩrec = G(Ĩbw, Ĩ

edge
bw , zcrec).

Reference Scheme. For enablingG to produce more diverse
colorization results, we advance to utilize different color ref-
erence images other than I . In other words, G colorizes Ĩbw
by the color appearance of an arbitrary color reference image
Iref to output the result Ĩref = G(Ĩbw, Ĩ

edge
bw , zcref ), where

zcref = E(Iref ). As there is no groundtruth to evaluate Ĩref ,
we take the colorization result Iexample produced by [15], the
state-of-the-art exemplar-based colorization method, as our
desired output for Ĩref .
Random Scheme. In comparison to the recovery and refer-
ence schemes which need the color reference images, here we
also aim to enable the random/automatic colorization. To this
end, the latent color code zcrand now is randomly drawn from
N (0, I), where G is supposed to provide different coloriza-
tion results Ĩrand with different latent codes.

We then propose to adopt various objectives for learning
the colorization network G and the encoder E in the afore-
mentioned three training schemes, as detailed below.
Reconstruction Loss Lrec. We evaluate the reconstruction
error in pixel-level on {Ĩrec, Ĩref} with respect to their corre-
sponding groundtruths, i.e. {I, Iexample}.

Lrec = |Ĩrec − I|+ ‖Ĩref − Iexample‖2

Structure Loss Lstruct. While there is no groundtruth for
Ĩrand, we simply adopt the edge loss computed on the edge
maps (where the color informtion is discarded) and the per-
ceptual loss [19] (which is believed to be more related to the
structural similarity) to encourage it to have the similar struc-
ture as I . With denoting∇ for edge map computation,

Lstruct = |∇Ĩrand−∇I|+‖Φrelu4 1(Ĩrand)−Φrelu4 1(I)‖2

Style Loss Lstyle. We use the high-level style loss as in [9] to
ensure that {Ĩrec, Ĩref} have the similar color appearance as



their corresponding color references {I, Iref}.

Lstyle =
∑
‖g(Φrelu4 1(Ĩrec))− g(Φrelu4 1(I))‖2

+ ‖g(Φrelu4 1(Ĩref ))− g(Φrelu4 1(Iref ))‖2,

where g denotes the Gram matrix computation.
Latent Loss Llatent. To enhance the joint training of E and
G, we base on the constraint to define the latent loss that, the
color latent codes extracted from {Ĩref , Ĩrand} by E should
be identical to the ones used for their colorizations, therefore:

Llatent =
∑
‖zcref − ẑcref‖2 + ‖zcrand − ẑcrand‖2.

where ẑcref = E(Ĩref ) and ẑcrand = E(Ĩrand).
KL-Divergence Loss LKL. The latent distribution of color
images encoded by E is encouraged to be close to a standard
Gaussian N (0, I) by KL-divergence DKL, in order to enable
the sampling of color latent code for random colorization.

LKL = E[DKL({E(I), E(Iref )}||N (0, I))]

Adversarial Loss Ladv . We utilize the adversarial learning
on the colorization results to improve their realness, where the
discriminator D considers the joint distribution of the color
images and their corresponding color latent codes. We skip
the detailed formulation of Ladv here as for the simplicity.
Similarity Loss Lsim. We introduce the similarity loss Lsim

which compares the difference between the colorization re-
sults and the corresponding real image in terms of their patch-
wise self-similarity matrix S (computed by the cosine similar-
ity between each pair of image patches), where such objective
highly encourages the better coherence on the appearance for
pixels of the same semantic class and more realistic results.

Lsim = ‖S(Ĩrec)− S(I)‖2 + ‖S(Ĩref )− S(I)‖2
+ ‖S(Ĩrand)− S(I)‖2.

where N set to 4096 is the number of patches in an image.
Histogram Loss Lhist. In addition to the high-level texture
similarity as the style loss, we introduce the histogram loss
Lhist to consider the statistical similarity in terms of color
histograms between the colorization results and their color
references. We explicitly propose a histogram estimatorH(I)
which is pretrained to regress from the image I to the proba-
bility value of each bin in the color histogram. With denoting
BCE for binary cross-entropy computation,

Lhist = BCE(H(I), H(Ĩrec)) +BCE(H(Iref ), H(Ĩref ))

Mode-Seeking Loss Lms. In order to prevent the model
training from mode collapse and enrich the diversity in the
colorization results, the mode seeking loss [20] is used in our
setting, which encourages a minor change in the color latent
code to have a significant impact on the colorization results:

Lms = max
G

(
dg(G(Ĩbw, Ĩ

edge
bw , zcr1), G(Ĩbw, Ĩ

edge
bw , zcr2))

dz(zcr1, z
c
r2)

)

where zcr1 and zcr2 are two different noises ∼ N (0, I); dz
denotes the average L1 distance; and dg computes the average
L1 distance between the Gram matrices of image features.

The weighted-sum of the aforementioned objectives
(where the weights as hyper-parameters simply help to bal-
ance the numerical ranges of each loss) is used to jointly train
the colorization network G and the color encoder E.

2.3. Fusion Network

After having IHN and colorization network well-trained, ide-
ally the inverse halftone colorization can be achieved by ei-
ther sequentially applying IHN and colorization network (de-
noted as path IHN → C) or the reverse order (denoted as
path C → IHN , where the IHN is applied on each color
channel). However, we observe that the colorization results
obtained by these two orders, i.e. ĨIHN→C and ĨC→IHN ,
have distinct properties, where the former shows vivid colors
but with artifacts such as ripples, while the latter looks like an
oil painting but retains obvious borders, as shown in Figure 3.
We therefore design a fusion network F composed of mul-
tiple residual blocks to integrate these two results to get the
final output Ĩ of inverse halftone colorization, where F helps
enhance the image details, remove artifacts, and correct the
color tone. The implementation details are skipped here due
to the space limit, we will release all the source codes and the
trained model after paper acceptance.

3. EXPERIMENTS

Datasets and Metrics. We adopt Helen dataset [22] with
2000 and 330 images for training and testing respectively,
where each image I can be transformed into the bi-level
halftone one Ih by applying analog halftoning. The color
reference images are based on the training set of Helen and
other 6000 images from 100 categories of ImageNet. Each
training image is paired with 6 color reference images to
produce Iexample via [15] for training the reference scheme.
For evaluation, we adopt the PSNR and SSIM metrics for the
recovery scheme, the diversity metric [9] based on the aver-
age LPIPS distance between 1900 pairs of colorizations from
random scheme, and the Fréchet Inception Distance (FID)
score [23] for the overall performance of inverse halftone
colorization (between 2970 results produced from all three
colorization schemes and the real imges).
Qualitative Results. First, we provide in Figure 2 some
example results of the inverse halftone colorization produced
by our proposed method. Second, as there exists no prior
work of inverse halftone colorization, we take the direct cas-
cade of our IHN with some diverse colorization methods
(e.g. [9, 11, 12, 21]) as the baselines, with qualitative re-
sults shown in the left-hand part of Figure 4. We observe
that these baselines could produce artifacts (IHN+[9]), scat-
tered color blocks (IHN+[11]), uneven color and diffused
contour (IHN+[12]), and low diversity with grayish color
(IHN+[21]). In comparison, our proposed method outper-



Ih Iref−1 Ĩref−1 Iref−2 Ĩref−2 Ĩrand−1 Ĩrand−2

Fig. 2: Given black and white halftone prints Ih, our method is able to generate
colorful continuous-tone images, in which it supports exemplar-based colorization
(Ĩref−1 and Ĩref−2) based on the color references (Iref−1 and Iref−2 respectively)
as well as the random colorization (Ĩrand−1 and Ĩrand−2).

Fig. 3: Our fusion network F com-
bines the different properties of both
paths IHN → C and C → IHN to
achieve better results of inverse halftone
colorization (best viewed on screen with
zoom and by color).

Ih IHN+[9] IHN+[11] IHN+[12] IHN+[21] Ours

Method Diversity↑ FID↓
IHN+[9] 0.134 103.00
IHN+[11] 0.162 166.95
IHN+[12] 0.150 102.57
IHN+[21] 0.051 95.04

Ours 0.120 82.40

Fig. 4: The qualitative results (left-hand part) and the quantitative comparison (right-hand part) of diverse colorization.

forms these baselines as well as generates both diverse and
realistic results of inverse halftone colorization. Please note
that here we skip the comparison with respect to the base-
line of cascade of IHN with the exemplar-based colorization
method (e.g. [15]) as it typically needs the color reference im-
age which has similar patches as the ones in the input image
for achieving good colorization results, where such require-
ment is a crucial issue and brings additional cost. Our method
instead encodes the whole color reference into the color latent
code therefore does not suffer from such requirement.
Quantitative Results. The table on the right-hand part of
Figure 4 shows quantitative results of the baselines. We
use both the diversity and FID scores as our evaluation
metrics here. Please note that for our model the random
colorization is adopted for FID evaluation in order to have
fair comparison with respect to the baselines. Overall, our
proposed method achieves the best performance in terms of
FID, which is much lower than the most competitive base-
line IHN+[21]. When it comes to the diversity score, our
work is superior to IHN+[21], and slightly worse than
IHN+[12]/[11]/[9]. However, as the trade-off between the
realness and diversity, we see from qualitative samples of
Figure 4 that IHN+[12]/[11]/[9] generates unrealistic im-
age with bad quality. Overall, our proposed method results
in better balance between the realness and the diversity of the
inverse halftone colorization.
Ablation Study. We conduct an ablation study here: the ex-
periment start from the Base model, which only contains IHN,
the recovery and random scheme, without having Lms, Lsim,

Method PSNR↑ SSIM↑ Diversity↑ FID↓
Base w/o ref 21.5255 0.7495 0.0099 91.44
Base w/ ref 22.5375 0.7527 0.0786 86.87
+Lms 22.6942 0.7446 0.1297 85.98
+Lsim 22.6206 0.7461 0.1160 87.84
+Lhist 22.6537 0.7543 0.1255 82.14
Full 22.7014 0.7609 0.1199 80.91

Table 1: Ablation study.

and Lhist. And we sequentially include the reference scheme,
Lms, Lsim and Lhist back to the Base model for studying
their respective contributions. The results shown in Table 1,
where we observe that: the Base model almost degenerates
to have no diverse colorization (i.e. diversity-score close to
zero), while adding the reference scheme is able to produce
diverse results (large improvement in diversity). Moreover,
our proposed objective functions and the fusion network in
the full model also clearly benefit to various metrics, with
having better balance between the realness and the diversity.

4. CONCLUSION

We propose a holistic framework to transfer a bi-level halftone
image into a colorful continuous-tone image. Our model
can either take a color reference image as the colorization
guidance or automatically generate reasonable and diverse
colorization results. Furthermore, our method utilizes a fu-
sion network to efficiently integrate the results obtained from
different orders of cascading the inverse halftone and col-
orization module, and finally produces high quality images.
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