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Abstract—With the increasing participation of photovoltaic-
energy storage system (PV-ESS) power stations in the electricity
market trading, accurate forecasting of both PV generation and
electricity prices has become critically important. Moreover, be-
cause PV-ESS stations need to make a day-ahead market bid plan
based on day-ahead forecasted values, a discrepancy inevitably
arises between prediction and bid-making. To address this issue,
we propose a two-stage bid-aware joint forecasting method
based on Partially Input Convex Neural Networks (PICNN).
Specifically, we adopt a two-stage training framework: firstly,
the forecasting model is pre-trained to capture the fluctuation
characteristics of PV generation and electricity prices, and then
PICNN is employed as a surrogate loss function for decision-
focused fine-tuning to enhance the bidding revenue of PV-ESS.
We construct a PV-ESS bidding model using real-world datasets
to validate the effectiveness of the proposed method. Experimen-
tal results demonstrate that the proposed method improves profit
by 2.5% compared to baseline approaches, thereby validating its
effectiveness.

Index Terms—PV-ESS, Joint-Forecasting, PICNN, Decision-
Focused

I. INTRODUCTION

As the penetration of PV generation in power systems
continues to rise, the inherent randomness and volatility of
PV output pose challenges to renewable energy integration
and the safe, stable operation of the grid. To enhance PV
curtailment mitigation and reduce the impact of its variability,
PV stations are now increasingly required to be equipped with
energy storage systems, forming integrated solar-plus-storage
facilities that can effectively participate in electricity markets
[1] [2] [3].

Bidding in electricity markets can typically be modeled as
an optimization problem. Past studies have proposed various
optimization-based bidding strategies [4] [5] [6] [7] for appli-
cations such as wind farms, electric vehicle aggregators, and
storage operators. Notably, Xu et al. [8] developed a stochastic
programming approach to optimize the bidding power of
overseas photovoltaic plants for maximum profit. However,
existing optimization-based bidding methods typically approx-
imate prediction uncertainty by simply adding gaussian noise,
without adequately considering the true error characteristics
and dynamic evolution patterns inherent in forecasting models.
This may lead to inconsistencies between predictions and
optimization bids, resulting in reduced revenue.
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To address the inconsistency between prediction and bid
optimization, existing research has proposed Decision-Focused
Learning(DFL) [9] [10], which aims to unify prediction mod-
els with optimization decision-making processes. The main-
stream approaches can be divided into two categories: the first
embeds optimization problems as a differentiable optimization
layer that directly participates in model training. Sang et al.
[11] constructed a second-order cone programming (SOCP)
layer, with a weighted sum of power loss and voltage violation
as the optimization objective and propagated the decision error
backward to the prediction module through chain differenti-
ation. Amos et al. [12] combined implicit differentiation and
a bilevel optimization framework to encapsulate a quadratic
programming (QP) problem into a differentiable optimization
layer for end-to-end gradient optimization. However, these
approaches face the challenge that many optimization prob-
lems are non-differentiable and non-convex, preventing them
from directly participating in prediction model training. The
second approach involves finding surrogate loss functions
to approximate the optimization process, making it suitable
for training prediction models. Shah et al. [13] proposed a
surrogate loss function for sample weights, which can model
general optimization problems. However, it requires assigning
a weight to each sample, leading to high computational costs.
Zharmagambetov et al. [14] adopted local modeling as a
replacement for global modeling, which reduces computational
costs, but the problem of selecting local initialization param-
eters remains.

As discussed above, although significant progress has been
achieved in DFL, two critical challenges remain unresolved.
First, there is a shortage of efficient surrogate function model-
ing approaches, as existing methods often depend on effective
initialization or involve high computational costs. Second,
the interrelation between decision optimality and prediction
feasibility has not been sufficiently addressed—specifically,
the optimal decision point may fall outside the actual feasible
region. Based on the above, this paper investigates a bid-
aware joint forecasting problem for PV generation and DA
electricity prices in PV-ESS systems within the DA market.
First, a bid surrogate loss function is modeled using PICNN.
Subsequently, a two-stage training method is employed: the
forecasting model is initially trained with mean squared er-
ror(MSE) loss, followed by fine-tuning using the PICNN-
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Fig. 1: Illustration of PV-ESS Bid

based surrogate loss. The detailed contributions of this paper
are as follows:

1) We propose a novel approach to constructing surrogate
loss functions based on the PICNN model. In contrast
to previous studies [13] [12], the proposed method is not
restricted by the structure of the downstream optimization
problem and the requirement for precise initialization. In
contrast to prior work that relies on predefined functional
forms or requires precise problem-specific initialization,
our PICNN-based surrogate loss is learned end-to-end
from data. This allows it to capture complex, non-linear
mappings between forecast errors and downstream regret
without being constrained by the structure of the under-
lying optimization problem

2) We propose a two-stage learning framework. In the first
stage, the forecasting model is trained to ensure that the
predictions remain within physically feasible bounds. In
the second stage, the model is fine-tuned using PICNN
as a surrogate loss function to maximize decision-making
revenue while maintaining prediction feasibility. Based
on a case study constructed from real-world datasets, the
proposed framework achieves a 2.5% increase in revenue
compared with baselines, demonstrating its effectiveness.

The remainder of this paper is organized as follows. Sec-
tion II introduces the PV–ESS bidding model and the formula-
tion of the DFL framework. Section III describes the proposed
methodology, including the construction of the surrogate loss
function and two-stage training way. Section IV presents a case
study to validate the effectiveness of the proposed approach.
Finally, Section V concludes the paper.

II. PROBLEM FORMULATION

A. Photovoltaic-ESS Bid

This paper considers a PV-ESS comprising PV arrays and
ESS (see in Figure 1), which aims to maximize revenue by
optimizing its DA market bidding strategy and coordinating
energy storage operations. The station is assumed to be a
price taker—that is, it has no influence on market prices. For
simplicity, only participation in the DA electricity market is
considered. The station must determine its bidding strategy
based on DA electricity price forecasts and predicted PV
power generation, as formulated in the following equation:
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Fig. 2: Block Diagram of the Sequential Prediction-and-
Optimization Framework
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t P cha
max, ∀t (3)
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max, ∀t (4)
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t + udis

t ≤ 1, ∀t (5)

Et+1 = Et + P cha
t ηcha −

P dis
t

ηdis
, ∀t (6)

E0 = ET (7)

where ξ = {P cha
t , P dis

t , ucha
t , udis

t , Et, P
bid
t }Tt=1 denotes

the decision variables, including charging/discharging power,
their binary states, energy level, and bidding power. ηcha
and ηdis denote charging and discharging efficiencies, and
the cyclic constraint ensures ET = E0. λ̂price

t and P̂t
pv

are
forecasting values for DA price and PV generation.

The above problem can be cast as an optimization prob-
lem R, where the optimal operational decision ξ∗ is given
by

ξ∗ = argmax
ξ∈U

R
(
λ̂price
t , P̂ pv

t

)
(8)

where U denotes the feasible set defined by operational
constraints.

As illustrated above, the PV-ESS bidding problem entails a
sequential predictive and optimization framework(see Figure
2): first, DA forecasts of electricity market prices and PV gen-
eration are generated; subsequently, these forecasts are used to
formulate a bidding plan. However, this sequential approach
inevitably leads to a misalignment between the prediction
and the ultimate decision-making, resulting in inconsistency
between the forecasting and optimization stages. To address
this inconsistency, a framework is required that explicitly in-
tegrates the bid-making objective into the predictive modeling
process, thereby aligning forecast generation with downstream
bid optimization objectives.

B. Decision Focused Learning

Consider a dataset D = {(xi, yi)}Ni=1 consisting of histori-
cal DA electricity prices and PV generation data, where xi de-
notes the historical inputs and yi represents the corresponding
target values for DA price and PV generation (λ̂price

t , P̂ pv
t ).

The objective is to learn the optimal model parameters θ
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that minimize the expected regret R of the PV-ESS revenue,
formulated as

min
θ

E(x,y)∼D
[
R
(
ŷ, y

)]
(9)

s.t. R
(
ŷ, y

)
= R

(
ξ∗(ŷ)

)
−R

(
ξ∗(y)

)
(10)

ŷ = Mθ(x) (11)

where R denotes the regret to be minimized, ŷ is the prediction
generated by the forecasting model Mθ, and ξ∗(·) represents
the optimal decision within a feasible region. Note that the
second term R

(
ξ∗(y)

)
in Eq (10) corresponds to the optimal

revenue under the true values and thus remains constant with
respect to θ. Consequently, the optimization in Eq (9) is
equivalent to minimizing R

(
ξ∗(ŷ)

)
.

Proposition 1 (Chain Rule). For a composite differentiable
function L(θ) = f(g(h(θ))), the gradient with respect to θ is
given by

∇θL =
∂f

∂g
· ∂g
∂h

· ∂h
∂θ

. (12)

By Proposition 1, the gradient of the regret with respect to
the model parameters admits the following decomposition:

∂R(ŷ, y)

∂θ
=

∂R(ŷ, y)

∂ŷ
· ∂ŷ
∂θ

. (13)

However ∂R(ŷ,y)
∂ŷ may be undefined when the downstream

optimizer is non-differentiable. To address this, we need to find
a differentiable surrogate loss function L(ŷ, y) that captures
the regret direction of the gradient.

∂R(ŷ, y)

∂θ
≈ ∂L(ŷ, y)

∂ŷ
· ∂ŷ
∂θ

. (14)

Although a differentiable surrogate loss enables end-to-end
decision-focused optimization, it may produce predictions that
fall outside the set of physically or economically feasible
outcomes. By prioritizing alignment with decision-relevant
gradients, the surrogate loss may yield predictions that violate
feasibility constraints.

ŷ∗(x) = argmin
ŷ

L(ŷ, y), ŷ∗(x) /∈ U . (15)

This observation suggests that directly applying end-to-end
decision-focused learning may result in an illegal outcome,
as the predictions could lie outside the feasible domain. In
contrast, a two-stage learning framework ensures both predic-
tion feasibility and decision optimality. Figure 3 provides an
illustrative example.

III. METHOD

Building upon the problem formulation presented in the
previous section, we propose a two-stage bid-aware forecasting
framework, as illustrated in Figure 4. To simultaneously ensure
decision optimality and prediction feasibility, the proposed
framework consists of two modules. First, a base forecast-
ing module is trained to produce predictions that lie within
the feasible set U . Subsequently, predictions are fine-tuned
within U using a decision-aware surrogate loss to enhance

Fig. 3: End-to-End Learning vs Two-Stage Learning
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Fig. 4: Structure of Our Framework

downstream decision performance. Detailed descriptions of
each component are provided in the following subsections.

A. Partial Input Convex Neural Network Surrogate Function

To construct a robust surrogate model for the map-
ping (ŷ, y) 7→ R, we adopt the PICNN architecture [15],
which guarantees convexity with respect to a subset of in-
puts—specifically, the framework can model flexible nonlinear
relationships between the regret value R and the tuple (y, ŷ).

PICNN as illustrated in Figure 5, consists of two parallel
streams: one processing the prediction ŷ and the other han-
dling the ground truth y. The ŷ-stream produces intermediate
representations u1, u2, . . . , uk−1 through standard feedforward
layers. Simultaneously, the y-stream computes z1, z2, . . . , zk,
where each layer zi receives not only the preceding hid-
den state zi−1 but also all prior outputs from the ŷ-stream
(u1, . . . , ui−1) as well as the original input y. Formally, the
recurrence is defined as:

u0 = ŷ (16)
ui = σ(Wu

i ui−1 + bui ) (17)
z0 = y (18)
zi = σ (W z,y

i zi−1 +W z,u
i ui−1 +W z,y

i y + bzi ) (19)

where σ(·) denotes a non-linear activation function (e.g.,
ReLU or SOFTPLUS), and the final output f(ŷ, y) = zk = R
represents the learned scalar-valued surrogate function.

To comprehensively model the relationship among (y,ŷ),
and the regret R, we synthesize a diverse training dataset by
applying multi-scale scaling and gaussian noise injection to
pairs of (ŷ, y) and then compute regret R to training PICNN.
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Fig. 5: Structure of PICNN

B. Two-Stage Training

We employ a two-stage training procedure for the bid-aware
forecasting framework, as summarized in Algorithm 1. In the
first stage, the predictive model Mθ is pre-trained using MSE
loss to ensure that its outputs lie within the physically feasible
space. In the second stage, a linear layer is appended to the
pre-trained model, and fine-tuned using a PICNN surrogate
loss L, enabling predictions that directly optimize downstream
bid-aware outcomes ỹ. This two-stage approach ensures both
prediction feasibility and alignment with decision objectives.

Algorithm 1 Two-Stage Training of Bid-Aware Forecasting
Framework

1: Initialize model parameters θ for forecasting model Mθ .
2: Initialize surrogate network LPICNN with random weights.
3: Set learning rate η, batch size B, and total epochs N1, N2.
4: Initialize linear decision layer parameters θdecision.
5: Stage 1: Pre-training with MSE Loss
6: for each epoch e1 = 1, . . . , N1 do
7: for each batch {xt, yt}Bt=1 do
8: Generate predictions ŷt = Mθ(xt).
9: Compute LMSE = 1

B

∑B
t=1 ∥ŷt − yt∥2.

10: Update θ ← θ − η∇θLMSE .
11: end for
12: end for
13: Freeze the pre-trained encoder layers of Mθ .
14: Append a linear decision layer with parameters MLPθdecision for

downstream optimization alignment.
15: Stage 2: Fine-tuning with Decision-Aware Surrogate Loss
16: for each epoch e2 = 1, . . . , N2 do
17: for each batch {xt, yt}Bt=1 do
18: Generate predictions ŷt = Mθ(xt).
19: Generate decision predictions ỹ = MLP (ŷ)
20: Evaluate surrogate regret loss LPICNN =

PICNN(ỹt, yt).
21: Update decision layer parameters θdecision ← θdecision −

η∇θdecisionLPICNN .
22: end for
23: end for
24: return Optimized forecasting model M∗

θ and decision layer
parameters θ∗decision for PV-ESS bidding.

IV. CASE STUDY

To validate the effectiveness of the proposed method, we
utilize real-world datasets of PV generation and DA electricity
prices (see Figure 6) [16], and construct a PV–ESS bidding
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Fig. 6: Visualization of PV Generation and DA Electricity
Price
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Fig. 7: Comparison of Fitting Results (PICNN vs MLP)

optimization model using Pyomo. CNN and MLP are selected
as baseline models, and performance is evaluated using two
metrics: revenue ($), defined as the profit obtained when the
predicted bidding strategy is settled under real prices, and
MSE. All forecasting models are implemented in PyTorch with
CUDA acceleration, while the optimization model is solved
using Gurobi. The proposed framework is forecasting-model-
agnostic, enabling compatibility with various time-series fore-
casting models. In this study, DLinear [17] is adopted due
to its superior predictive performance for DA electricity price
forecasting tasks.

As shown in Table I, PICNN achieves the lowest MSE on
the test set, demonstrating its superior capability as a surrogate
loss function compared with MLP and CNN. Furthermore, as
illustrated in Figure 7, the PICNN model exhibits a tighter
correlation between predicted and true regret values, with data
points clustering more closely around the diagonal dashed line,
indicating higher prediction accuracy and improved general-
ization relative to the MLP model.

TABLE I: Performance comparison of different surrogate
models

Model PICNN MLP CNN

MSE 2e−3 8e−3 5e−3

The proposed bid-aware joint forecasting framework, which
integrates a PICNN-based surrogate loss with DLinear feature
extraction, demonstrates notable advantages for PV–ESS DA
market participation. As shown in Table II, our approach
sacrifices forecasting accuracy to achieve its primary objec-
tive: a 2.5% increase in revenue ($485.69 vs. $473.65). This
indicates a misalignment in the gradient descent directions
between prediction and decision-making. The training curves
shown in Figure 8 validate the effectiveness of the two-stage
strategy: initial DLinear pre-training ensures stable feature
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Fig. 9: Comparision of Forecasting Results(PTO vs Our)

extraction, and during the subsequent fine-tuning phase, the
PICNN loss rapidly converges to a lower validation error,
indicating effective decision-focused learning. This accelera-
tion occurs because only the appended linear decision layer
(θdecision) is optimized, while the pre-trained feature extractor
(Mθ) remains frozen, drastically reducing the parameter space.
Figure 9 shows although our method exhibits slightly lower
overall prediction accuracy than PTO, its forecasts better align
with the dynamic trends of true values during peak hours of
DA electricity price and PV generation, demonstrating that
decision-oriented optimization enhances revenue in critical
periods and validating the effectiveness of the proposed ap-
proach.

TABLE II: Performance comparison between PTO and Our
method.

Method MSE (DA Price) MSE (PV) Loss Day Revenue($)

PTO 2.58e−2 2.75e−2 1.51e−1 473.65
CNN 3.07e−2 2.84e−2 2.05e−2 478.41
MLP 2.92e−2 2.87e−2 4.21e−2 470.20
Our 3.03e−2 (↓17.7%) 2.92e−2 (↓6.2%) 1.79e−2 485.69 (↑2.5%)

V. CONCLUSION

This paper proposes a novel bid-aware joint forecasting
framework for PV–ESS, which explicitly integrates down-
stream bidding optimization objectives into the forecasting
model via a PICNN-based surrogate loss function and a
two-stage training strategy, thereby achieving coordination
between prediction accuracy and decision optimality. Exper-
imental results demonstrate that, compared to the conven-
tional PTO approach, the proposed method yields a 2.5%
improvement in revenue, validating its effectiveness in bridg-
ing the coupling gap between forecasting and PV–ESS bid-
ding. Future work will extend this framework to multi-day
or real-time market participation scenarios and incorporate
more complex operational constraints, such as ramping limits
and transmission congestion. Furthermore, we will explore

generalizing this decision-oriented learning paradigm to other
energy assets—including wind farms and demand response
programs—to establish a scalable architecture for optimizing
diverse energy trading strategies under uncertainty.
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