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 a b s t r a c t

Cross-domain multi-mode industrial process monitoring provides effective support for stable operation un-
der diverse operating conditions and across multiple units of similar equipment. However, most existing 
methods assume that the target-domain data are labeled and fail to identify newly emerging unknown 
modes, which limits their applicability in real-world scenarios. To address these challenges, this paper pro-
poses a progressive anchoring-driven consistent dual reconstruction (PACDR) method for cross-domain open-
mode process monitoring. Specifically, to achieve domain adaptation in the presence of unknown modes, 
an open-mode dual reconstruction framework based on dictionary pair learning is developed to convert 
and transfer known mode knowledge across domains while suppressing the interference of unknown in-
formation. Besides, an intra- and inter-domain joint graph regularization is proposed to enhance the ge-
ometric consistency between the source and target domains and improve the discrimination of the rep-
resentation coefficients. Meanwhile, a progressive target anchoring strategy is designed to adaptively an-
chor highly reliable pseudo-labeled samples, boosting the performance of the proposed method. Exten-
sive experiments conducted on the Tennessee Eastman benchmark, a coal gasification industrial process, 
and an aluminum electrolysis process demonstrate the effectiveness of the proposed approach for anomaly 
detection, as well as its satisfactory performance in both known-mode identification and unknown-mode
discovery.

1.  Introduction

As modern industrial production advances toward intelligence and 
sustainability, the demand for stable and high-quality operation of in-
dustrial systems has increased. In practical process industries, system 
abnormalities may cause equipment damage, reduced production effi-
ciency, substandard product quality, or even serious accidents (Dong 
et al., 2025; Zhao et al., 2026). Therefore, process monitoring plays a 
crucial role in real-time evaluation and fault alarming during system 
operation, which is essential for timely adjustment of control strategies, 
maintaining safe and efficient production, and preventing cascading fail-
ures (Deng et al., 2023a). With the widespread adoption of intelligent 
information acquisition systems, data-driven industrial process monitor-
ing has become an important research topic (Huang et al., 2025). Rep-
resentative approaches include statistical-based methods (Zhang et al., 
2023; Zheng et al., 2025a) and various machine learning algorithms that 
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have been extended to process monitoring tasks (Chen et al., 2026; Wu 
et al., 2024; Yin et al., 2025).

In practical industrial production, variations in raw material com-
position, product quality, and energy consumption often necessitate ad-
justing the setpoints of operating variables, leading to mode switching. 
In this context, the multi-mode nature of industrial processes refers to 
multiple steady operating points under different operating conditions 
(Chen et al., 2024b). Therefore, multi-mode industrial process moni-
toring better satisfies the needs of real-world production. In general, 
existing approaches can be divided into two categories: methods that 
construct an integrated model for all modes (Fu et al., 2024a, 2025; 
Xu et al., 2021), and those that build an individual sub-model for each 
mode (Deng et al., 2021; Lyu et al., 2024; Tan et al., 2023). For exam-
ple, Xu et al. (2021) designed a manifold joint projection framework for 
process monitoring, which learns a unified adjacency matrix across mul-
tiple modes. Fu et al. (2025) developed a sparse discriminative global 
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\begin {equation}\begin {array}{l} \mathop {\min }\limits _{D,A} \left \| {{X_{st}} - DA{X_{st}}} \right \|_F^2 + \left \| {{X_{st}} - DA{X_{ts}}} \right \|_F^2\\ + \Psi \left \| {D,A,{X_{st}},L} \right \|{\rm {, \quad s}}{\rm {.t}}{\rm {. \;}}d_j^T{d_j} = 1 \end {array} \label {Eq.(1)}\end {equation}


${X_{st}} = \left [ {X_s^1,X_t^1, \ldots ,X_s^c,X_t^c, \ldots ,X_s^CX_t^C} \right ]$


${X_{ts}} = \left [ {X_t^1,X_s^1, \ldots ,X_t^c,X_s^c, \ldots ,X_t^CX_s^C} \right ]$


${X_s} \in \mathbb {R} {^{d \times {n_s}}}$


${X_t} \in \mathbb {R} {^{d \times {n_t}}}$


$X_s^c \in \mathbb {R} {^{d \times n_s^c}}$


$X_t^c \in \mathbb {R} {^{d \times n_t^c}}$


$c$


$X_s$


$X_t$


$d$


$n_s$


$n_t$


$X_s$


$X_t$


$D = \left [ {{d_1}, \ldots ,{d_i}, \ldots {d_m}} \right ] \in \mathbb {R} {^{d \times m}}$


$A = \left [ {{a_1}; \ldots ;{a_i}; \ldots ;{a_m}} \right ] \in \mathbb {R} {^{m \times d}}$


$m$


$\Psi \left \| {D,A,{X_{st}},L} \right \|$


$L$


$\left \{ {Y_{st}^i} \right \}_{i = 1}^n$


$X_{st}$


$n = {n_s} + {n_t}$


${\rm { }}d_j^T{d_j} = 1$


$X_s$


$X_t$


$C$


\begin {equation}{\Delta _o} = \frac {{R_{u,C + 1}^t\left ( h \right )}}{{1 - \pi _{C + 1}^t}} - R_{u,C + 1}^s\left ( h \right ) \label {Eq.(2)}\end {equation}


$R_{u,C + 1}^t\left ( h \right ) = \mathds {E} \ell \left ( {h\left ( {{X_t}} \right ),{y_{C + 1}}} \right )$


$R_{u,C + 1}^s\left ( h \right ) = \mathds {E} \ell \left ( {h\left ( {{X_s}} \right ),{y_{C + 1}}} \right )$


$h\left ( \cdot \right )$


$y_{C + 1}$


$\in \mathbb {R} {^{\left ( {C + 1} \right ) \times 1}}$


$R_{u,C + 1}^t\left ( h \right )$


$R_{u,C + 1}^s\left ( h \right )$


$\pi _{C + 1}^t$


$X = \left [ {{X_s},{X_t}} \right ] \in \mathbb {R} {^{d \times n}}$


${Q_{st}} \in \mathbb {R} {^{n \times n}}$


${Q_{ts}} \in \mathbb {R} {^{n \times n}}$


$Q_{st}^T{Q_{st}} = I$


$Q_{ts}^T{Q_{ts}} = I$


$Q_{st}$


$Q_{ts}$


$X$


${\tilde X_{st}} = X{Q_{st}} = \left [ {X_s^1,X_t^1, \ldots ,X_s^c,X_t^c, \ldots ,X_s^CX_t^C,X_t^{C + 1},{{\hat X}_t}} \right ]$


${\tilde X_{ts}} = X{Q_{ts}} = \left [ {X_t^1,X_s^1, \ldots ,X_t^c,X_s^c, \ldots ,X_t^CX_s^C,X_t^{C + 1},{{\hat X}_t}} \right ]$


$c\left ( {c \le C} \right )$


$X_t^{C + 1}$


$\hat X_t$


\begin {equation}{{\cal G}_d} = \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{st}}} \right \|_F^2 + \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{ts}}} \right \|_F^2 \label {Eq.(3)}\end {equation}


$X_t^{C + 1}$


$X_t^{C + 1}$


${\hat \Delta _o} = {{\hat R_{u,C + 1}}^t{\left ( h \right )}} / {\left ( {1 - \pi _{C + 1}^t} \right )} - \hat R_{u,C + 1}^s{\left ( h \right )}$


$\hat R_{u,C + 1}^t\left ( h \right )$


$\hat R_{u,C + 1}^s\left ( h \right )$


$R_{u,C + 1}^t\left ( h \right )$


$R_{u,C + 1}^s\left ( h \right )$


$\ell \left ( \cdot \right )$


\begin {align}&\hat R_{u,C + 1}^t\left ( h \right ) = \frac {1}{{{n_t}}}\sum \limits _{{x_i} \in {X_t}} {\left \| {h\left ( {{x_i}} \right ) - {y_{C + 1}}} \right \|_2^2} \label {Eq.(3+1)}\\ &\hat R_{u,C + 1}^s\left ( h \right ) = \frac {1}{{{n_s}}}\sum \limits _{{x_i} \in {X_s}} {\left \| {h\left ( {{x_i}} \right ) - {y_{C + 1}}} \right \|_2^2} \label {Eq.(3+2)}\end {align}


\begin {equation}{\hat R^s}\left ( h \right ) = \frac {1}{{{n_s}}}\sum \limits _{{x_i} \in {X_s}} {\left \| {h\left ( {{x_i}} \right ) - {y_i}} \right \|_2^2} \label {Eq.(3+3)}\end {equation}


${y_i} \in \left \{ {{y_c}} \right \}_c^C$


${y_c} \in \mathbb {R} {^{\left ( {C + 1} \right ) \times 1}}$


$W$


$WA{\tilde X_{st}}$


\begin {equation}\begin {aligned} {{\cal G}_h} &= \frac {1}{{{n_s}}}\sum \limits _{{x_i} \in {X_s}} {\left \| {h\left ( {{x_i}} \right ) - {y_i}} \right \|_2^2} + \frac {\alpha }{{{n_t}}}\sum \limits _{{x_i} \in {X_t}} {\left \| {h\left ( {{x_i}} \right ) - {y_{C + 1}}} \right \|_2^2} \\ &- \frac {\beta }{{{n_s}}}\sum \limits _{{x_i} \in {X_s}} {\left \| {h\left ( {{x_i}} \right ) - {y_{C + 1}}} \right \|_2^2} \\ &= \left \| {\left ( {H - WA{{\tilde X}_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - WA{{\tilde X}_{st}}} \right )\bar \Lambda } \right \|_F^2 \end {aligned} \label {Eq.(3+4)}\end {equation}


$H \in \mathbb {R} {^{\left ( {C + 1} \right ) \times \left ( {{n_s} + {n_t}} \right )}}$


$\bar H \in \mathbb {R} {^{\left ( {C + 1} \right ) \times \left ( {{n_s} + {n_t}} \right )}}$


\begin {equation}H_{ij} = \begin {cases} 1, & x_j \in X_s^i,\ i \le C\\ 1, & x_j \in X_t^i,\ i = C+1\\ 0, & \text {otherwise} \end {cases} \label {Eq.(4)}\end {equation}


\begin {equation}\bar H_{ij} = \begin {cases} 1, & x_j \in X_s^i,\; i = C+1\\ 0, & \text {otherwise}. \end {cases} \label {Eq.(5)}\end {equation}


$\Lambda \in \mathbb {R} {^{n \times n}}$


$\bar \Lambda \in \mathbb {R} {^{n \times n}}$


${x_i} \in {X_s}$


$(i,i)$


${\Lambda _{ii}} = {\bar \Lambda _{ii}} = \sqrt {\left ( {{1 / {{n_s}}}} \right )}$


${x_i} \in {X_t}$


${\Lambda _{ii}} = \sqrt {{\alpha / {{n_t}}}}$


${\bar \Lambda _{ii}} = 0$


$\alpha $


$\beta $


\begin {equation}\begin {aligned} {F_r} &= \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{st}}} \right \|_F^2 + \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{ts}}} \right \|_F^2\\ &+ \left \| {\left ( {H - WA{{\tilde X}_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - WA{{\tilde X}_{st}}} \right )\bar \Lambda } \right \|_F^2\\ &+ \delta \left ( {\left \| W \right \|_F^2 + {{\left \| {{A^T}} \right \|}_{2,1}}} \right ) \end {aligned} \label {Eq.(6)}\end {equation}


$\left \| W \right \|_F^2$


$\left \| {{A^T}} \right \|_{2,1}$


$l_{2,1}$


$A$


$\delta $


$X_s$


$X_t$


$A$


$A{X_s}$


$A{X_t}$


\begin {equation}\mathop {\min }\limits _A \frac {1}{2}\sum \limits _{i,j = 1}^n {\left \| {A{x_i} - A{x_j}} \right \|_2^2M_w^{ij}} \label {Eq.(7)}\end {equation}


$M_w$


\begin {equation}M_w^{ij} = \begin {cases} \cos (x_i, x_j), & \begin {aligned} &\text {if } x_i, x_j \text { belong to the same}\\ &\text {domain and } y_i = y_j \ne C+1 \end {aligned} \\[3pt] -\cos (x_i, x_j), & \begin {aligned} &\text {if } x_i, x_j \text { belong to the same}\\ &\text {domain and } y_i \ne y_j \end {aligned} \\[3pt] 0, & \text {otherwise.} \end {cases} \label {Eq.(8)}\end {equation}


$M_b$


${x_i} \in {X_s}$


${x_j} \in {X_t}$


${y_i} = k$


${y_j} = g$


$f_{kg}$


$k$


$x_i$


$g$


$x_j$


$k = g$


$i$


$j$


\begin {equation}\sigma _w^{ij} = \frac {n}{{C \cdot {\left ( {n_s^k + n_t^g} \right )}}} \cdot \frac {1}{{1 + \exp {\left [ {{{\left ( {l_i^2 + l_j^2} \right )} / 2}} \right ]}}} \label {Eq.(9)}\end {equation}


$l_i$


$l_j$


$A{x_i}$


$A{x_j}$


$f_{kg}$


$k \ne g$


$\sigma _b^{ij} = - \sigma _w^{ij}$


\begin {equation}\mathop {\min }\limits _A \frac {1}{2}\sum \limits _{i,j = 1}^n {\left \| {A{x_i} - {A{x_j}}} \right \|_2^2M_b^{ij}} \label {Eq.(10)}\end {equation}


$M_b^{ij}$


\begin {equation}M_b^{ij} = \begin {cases} \sigma _w^{ij}, & \begin {aligned} &\text {if } x_i, x_j \text { belong to different domains}\\ &\text {and } y_i = y_j \end {aligned} \\[4pt] \sigma _b^{ij}, & \begin {aligned} &\text {if } x_i, x_j \text { belong to different domains}\\ &\text {and } y_i \ne y_j \end {aligned} \\[4pt] 0, & \text {otherwise}. \end {cases} \label {Eq.(11)}\end {equation}


\begin {equation}\begin {aligned} F_g &= \frac {1}{2}\sum _{i,j=1}^n \|A x_i - A x_j\|_2^2 M_w^{ij} + \frac {1}{2}\sum _{i,j=1}^n \|A x_i - A x_j\|_2^2 M_b^{ij} \\ &= \operatorname {Tr}\!\left ( A X_{st} L X_{st}^T A^T \right ) \end {aligned} \label {Eq.(12)}\end {equation}


$L = T - M$


$T = diag\left ( {{t_1}, \ldots ,{t_i}, \ldots ,{t_n}} \right )$


${t_i} = \sum \nolimits _j {{M^{ij}}}$


${M^{ij}} = M_w^{ij} + M_b^{ij}$


$x_t^i \in {X_t}$


${\rm {score}}_t^i = WAx_t^i$


${\hat y_1} = u\left ( {u \le C} \right )$


${\hat y_2} = v\left ( {v \le C} \right )$


${p_u} = {1 / {n_s^u\sum \nolimits _{j = 1}^{n_s^u} {Ax_s^j} }}{\left ( {x_s^j \in X_s^u} \right )}$


${p_v} = {1 / {n_s^v\sum \nolimits _{h = 1}^{n_s^v} {Ax_s^h} }}{\left ( {x_s^h \in X_s^v} \right )}$


$x_t^i$


$u$


\begin {equation}dist{\left ( {Ax_t^i,{p_u}} \right )} < dist{\left ( {Ax_t^i,{p_v}} \right )} \label {Eq.(13)}\end {equation}


$dist\left ( \cdot \right )$


$x_t^j$


$c$


$P_j^c = {{\exp \left ( {{W_c}Ax_t^j} \right )}}/ {\sum \nolimits _{c = 1}^C {\exp \left ( {{W_c}Ax_t^j} \right )}}$


$W_c$


$c$


$W$


$x_t^j$


${\cal H}{\left ( {x_t^j} \right )} = - {1 / {\log C}}\sum \nolimits _{c = 1}^C {P_j^c\log P_j^c}$


$x_t^q \in {X_t}$


${\hat y_q} = \arg \mathop {\max }\limits _c {\left ( {WAx_t^q} \right )} = C + 1$


$x_t^q$


\begin {equation}\eta = \max \left \{ {{\cal H}\left ( {x_t^j} \right )\left | {x_t^j \notin {{\hat X}_t},{{\hat y}_j} = c,c \le C} \right .} \right \}. \label {Eq.(14)}\end {equation}


$x_t^q$


$C + 1$


\begin {equation}H\left ( {x_t^j} \right ) > \eta . \label {Eq.(15)}\end {equation}


\begin {equation}\begin {array}{l} \mathop {\min }\limits _{D,A,W} \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{st}}} \right \|_F^2 + \left \| {{{\tilde X}_{st}} - DA{{\tilde X}_{ts}}} \right \|_F^2\\ + \left \| {\left ( {H - WA{{\tilde X}_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - WA{{\tilde X}_{st}}} \right )\bar \Lambda } \right \|_F^2\\ + \lambda Tr\left ( {A{X_{st}}LX_{st}^T{A^T}} \right ) + \delta \left ( {\left \| W \right \|_F^2 + {{\left \| {{A^T}} \right \|}_{2,1}}} \right )\\ {\rm {s}}{\rm {.t}}{\rm {. }} \; d_i^T{d_i} = 1 \end {array} \label {Eq.(16)}\end {equation}


$\lambda $


${R_{st}} \approx A{\tilde X_{st}}$


${R_{ts}} \approx A{X_{ts}}$


\begin {equation}\begin {array}{l} \mathop {\min }\limits _{D,A,{R_{st}},{R_{ts}},W} \left \| {{{\tilde X}_{st}} - D{R_{st}}} \right \|_F^2 + \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2\\ + \sigma \left ( {\left \| {A{{\tilde X}_{st}} - {R_{st}}} \right \|_F^2 + \left \| {A{{\tilde X}_{ts}} - {R_{ts}}} \right \|_F^2} \right )\\ + \left \| {\left ( {H - W{R_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - W{R_{st}}} \right )\bar \Lambda } \right \|_F^2\\ + \lambda Tr\left ( {{R_{st}}LR_{st}^T} \right ) + \delta \left ( {\left \| W \right \|_F^2 + {{\left \| {{A^T}} \right \|}_{2,1}}} \right )\\ {\rm {s}}{\rm {.t}}{\rm {. }} \; d_i^T{d_i} = 1,{\rm { }}{R_{st}} \ge 0,{\rm { }}{R_{ts}} \ge 0 \end {array} \label {Eq.(17)}\end {equation}


$\sigma $


${R_{st}} \ge 0$


${\rm { }}{R_{ts}} \ge 0$


$H$


$R_{ts}$


$R_{ts}$


$D$


$A$


$R_{st}$


$W$


$R_{ts}$


$R_{ts}$


\begin {equation}\begin {array}{l} \arg \mathop {\min }\limits _{{R_{ts}}} \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2 + \sigma \left \| {A{{\tilde X}_{ts}} - {R_{ts}}} \right \|_F^2\\ {\rm {s}}{\rm {.t}}{\rm {. }} \; {R_{ts}} \ge 0. \end {array} \label {Eq.(18)}\end {equation}


${R_{ts}} = \left [ {{r_{ts,ij}}} \right ] > 0$


${\psi _{ts}} = \left [ {{\varphi _{ts,ij}}} \right ]$


$R_{ts}$


\begin {equation}{\zeta _{ts}} = \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2 + \sigma \left \| {A{{\tilde X}_{ts}} - {R_{ts}}} \right \|_F^2 + Tr\left ( {{\psi _{ts}}R_{ts}^T} \right ). \label {Eq.(19)}\end {equation}


$R_{ts}$


${\varphi _{ts,ij}}{r_{ts,ij}} = 0$


$\left ( {i,j} \right )$


$R_{ts}$


\begin {equation}r_{ts,ij}^{k + 1} \leftarrow r_{ts,ij}^k\frac {{{{\left ( {{D^{Tk}}\tilde X_{st}^k + \sigma {A^k}\tilde X_{ts}^k} \right )}_{ij}}}}{{{{\left ( {{D^{Tk}}{D^k}R_{ts}^k + \sigma R_{ts}^k} \right )}_{ij}}}}. \label {Eq.(20)}\end {equation}


$R_{st}$


$R_{st}$


$R_{st}$


\begin {equation}\begin {array}{l} \arg \mathop {\min }\limits _{{R_{st}}} \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2 + \sigma \left \| {A{{\tilde X}_{st}} - {R_{st}}} \right \|_F^2\\ + \left \| {\left ( {H - W{R_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - W{R_{st}}} \right )\bar \Lambda } \right \|_F^2\\ + \lambda Tr\left ( {{R_{st}}LR_{st}^T} \right ), \quad {\rm { s}}{\rm {.t}}{\rm {. }} \; {R_{st}} \ge 0. \end {array} \label {Eq.(21)}\end {equation}


$R_{ts}$


${R_{st}} = \left [ {{r_{st,ij}}} \right ] > 0$


${\psi _{st}} = \left [ {{\varphi _{st,ij}}} \right ]$


$R_{st}$


\begin {equation}\begin {array}{l} {\zeta _{st}} = \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2 + \sigma \left \| {A{{\tilde X}_{st}} - {R_{st}}} \right \|_F^2\\ + \left \| {\left ( {H - W{R_{st}}} \right )\Lambda } \right \|_F^2 - \beta \left \| {\left ( {\bar H - W{R_{st}}} \right )\bar \Lambda } \right \|_F^2\\ + \lambda Tr\left ( {{R_{st}}LR_{st}^T} \right ) + Tr\left ( {{\varphi _{st}}R_{st}^T} \right ). \end {array} \label {Eq.(22)}\end {equation}


$R_{st}$


${\varphi _{st,ij}}{r_{st,ij}} = 0$


$\left ( {i,j} \right )$


$R_{st}$


\begin {equation}r_{st,ij}^{k + 1} \leftarrow r_{st,ij}^k\frac {{{{\left ( \begin {array}{l} {D^{Tk}}\tilde X_{st}^k + \sigma {A^k}\tilde X_{st}^k + {W^{Tk}}{H^k} \cdot \\ {\Lambda ^k}{\Lambda ^{Tk}} + \beta {W^{Tk}}{W^k}R_{st}^k{{\bar \Lambda }^k}{{\bar \Lambda }^{Tk}} \end {array} \right )}_{ij}}}}{{{{\left ( \begin {array}{l} {D^{Tk}}{D^k}R_{st}^k + \sigma R_{st}^k + {W^{Tk}}{W^k}R_{st}^k{\Lambda ^k} \cdot \\ {\Lambda ^{Tk}} + \beta {W^{Tk}}{{\bar H}^k}{{\bar \Lambda }^k}{{\bar \Lambda }^{Tk}} + \lambda R_{st}^k{L^k} \end {array} \right )}_{ij}}}}. \label {Eq.(23)}\end {equation}


$A$


$A$


\begin {equation}\arg \mathop {\min }\limits _A \sigma \left ( {\left \| {A{{\tilde X}_{st}} - {R_{st}}} \right \|_F^2 + \left \| {A{{\tilde X}_{ts}} - {R_{ts}}} \right \|_F^2} \right ) + \delta {\left \| {{A^T}} \right \|_{2,1}}. \label {Eq.(24)}\end {equation}


$\left \| \cdot \right \|_{1,2}$


$2\delta Tr\left ( {AV{A^T}} \right )$


$V$


$\left ( {i,i} \right )$


${V_{ii}} = {1 /{2{{\left \| {{{\left ( {{A^T}} \right )}_i}} \right \|}_2}}}$


${\left ( {{A^T}} \right )}_i$


$i$


$A^T$


$2{\left \| {{{\left ( {{A^T}} \right )}_i}} \right \|_2} + \varepsilon $


$\varepsilon $


$k + 1$


$V_{_{ii}}^{k + 1} = 1/\left ( {2{{\left \| {{{\left ( {{A^{Tk}}} \right )}_i}} \right \|}_2} + \varepsilon } \right )$


$A^k$


$k$


$V^{k + 1}$


$A^{k + 1}$


\begin {equation}{A^*} = \left ( {\sigma {R_{st}}\tilde X_{st}^T + \sigma {R_{st}}\tilde X_{ts}^T} \right ){\left ( {\sigma {{\tilde X}_{st}}\tilde X_{st}^T + \sigma {{\tilde X}_{ts}}\tilde X_{ts}^T + 2\delta V} \right )^{ - 1}}. \label {Eq.(25)}\end {equation}


$D$


$D$


\begin {equation}\begin {array}{l} \arg \mathop {\min }\limits _D \left \| {{{\tilde X}_{st}} - D{R_{st}}} \right \|_F^2 + \left \| {{{\tilde X}_{st}} - D{R_{ts}}} \right \|_F^2\\ {\rm { s}}{\rm {.t}}{\rm {. }} \; d_i^T{d_i} = 1. \end {array} \label {Eq.(26)}\end {equation}


$\tilde X = \left [ {{{\tilde X}_{st}},{{\tilde X}_{st}}} \right ]$


$R = \left [ {{R_{st}},{R_{ts}}} \right ]$


$K = \tilde X - \sum \nolimits _{j \ne i} {{d_j}{r_j}}$


$r_j$


$j$


$R$


\begin {equation}\arg \mathop {\min }\limits _{{d_i}} \left \| {K - {d_i}{r_i}} \right \|_F^2, \quad {\rm { s}}{\rm {.t}}{\rm {. }} \; d_i^T{d_i} = 1. \label {Eq.(27)}\end {equation}


$\varphi $


$d_i^T{d_i} = 1$


\begin {equation}{\cal L}\left ( {{d_i},\varphi } \right ) = \left \| {K - {d_i}{r_i}} \right \|_F^2 - \varphi \left ( {d_i^T{d_i} - 1} \right ). \label {Eq.(28)}\end {equation}


${\cal L}\left ( {{d_i},\varphi } \right )$


$d_i$


$D$


\begin {equation}d_i^* = \frac {{Kr_i^T}}{{{{\left \| {Kr_i^T} \right \|}_2}}}. \label {Eq.(29)}\end {equation}


$W$


$D$


$A$


$R_{st}$


$R_{ts}$


$W$


\begin {equation}\begin {array}{l} \arg \mathop {\min }\limits _W \left \| {\left ( {H - W{R_{st}}} \right )\Lambda } \right \|_F^2\\ - \beta \left \| {\left ( {\bar H - W{R_{st}}} \right )\bar \Lambda } \right \|_F^2 + \delta \left \| W \right \|_F^2. \end {array} \label {Eq.(30)}\end {equation}


$W$


$W$


\begin {equation}\begin {array}{l} {W^*} = \left ( {H\Lambda {\Lambda ^T}{R_{st}^T} - \beta \bar H\bar \Lambda {{\bar \Lambda }^T}R_{st}^T} \right ) \cdot \\ {\left ( {{R_{st}}\Lambda {\Lambda ^T}R_{st}^T - \beta {R_{st}}\bar \Lambda {{\bar \Lambda }^T}R_{st}^T + \delta I} \right )^{ - 1}}. \end {array} \label {Eq.(31)}\end {equation}


$r{e^i} = \left \| {x_{st}^i - DAx_{st}^i} \right \|_2^2$


$i$


$X_{st}$


$D$


$A$


$T_{re}$


$re$


\begin {equation}{\hat f_e}\left ( {re} \right ) = \frac {1}{{nh}}\sum \limits _{i = 1}^n {K\left ( {\frac {{re - r{e^i}}}{h}} \right )} \label {Eq.(32)}\end {equation}


$K\left ( \cdot \right )$


$h$


$\theta $


$T_{re}$


\begin {equation}\int _{ - \infty }^{{T_{re}}} {{{\hat f}_e}\left ( x \right )} dx = 1 - \theta . \label {Eq.(33)}\end {equation}


$x_t^{new}$


$D$


$A$


\begin {equation}r{e^{new}} = \left \| {x_t^{new} - DAx_t^{new}} \right \|_2^2. \label {Eq.(34)}\end {equation}


$r{e^{new}} > {T_{re}}$


$x_t^{new}$


$x_t^{new}$


$W$


\begin {equation}{\hat y^{new}} = \arg \mathop {\max }\limits _c \left ( {WAx_t^{new}} \right ). \label {Eq.(35)}\end {equation}


$r{e^{new}} > {T_{re}}$
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$c = C + 1$
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$D$


$W$


${\cal O}\left ( {dmn} \right )$


${\cal O}\left ( {dmn + {m^2}n + m{n^2} + } \right .$


$n_t^k\bar n_t^k + m\left ( {{n_s} + C\bar n_t^k} \right )$


${\cal O}\left ( {dmn + {d^2}n + {d^3}} \right )$


${\cal O}\left ( {dmn + {m^2}n} \right )$


${\cal O}\left ( {\left ( {C + 1} \right )mn + m{n^2} + {m^2}n} \right )$


$R_{st}$


${\cal O}\left ( {n_t^k\bar n_t^k + m\left ( {{n_s} + C\bar n_t^k} \right )} \right )$


${\cal O}\left ( {m\left ( {{n_s} + C\bar n_t^k} \right )} \right )$


$n_t^k$


$\bar n_t^k$


$k$


$k$


$n_t^k < {n_t} \ll {n_s} < n$


$T_{\max }$


${\cal O}\left ( {{T_{\max }}\left ( {m{n^2} + \left ( {dm + {m^2} + Cm + {d^2}} \right )n + {d^3}} \right )} \right )$


${\cal O}\left ( {dm} \right )$


$N_{new}$


${\cal O}\left ( {dm{N_{new}}} \right )$


$E\left ( {0.3} \right )$


$F$


$0.1F\left ( {5,9} \right )$


\begin {equation}{\rm {FDR}} = \frac {{{\rm {TP}}}}{{{\rm {TP}} + {\rm {FN}}}} \label {Eq.(36)}\end {equation}


\begin {equation}{\rm {FAR}} = \frac {{{\rm {FP}}}}{{{\rm {FP}} + {\rm {TN}}}} \label {Eq.(37)}\end {equation}


$\rm {TP}$


$\rm {FN}$


$\rm {FP}$


$\rm {TN}$


\begin {align}&{\rm {OM}} = \frac {{{M_k}}}{{{N_k}}} \label {Eq.(38)}\\ &{\rm {ACC}} = \frac {{{M_k} + {M_u}}}{{{N_k} + {N_u}}} \label {Eq.(39)}\end {align}


\begin {equation}{\rm {MI}} = \frac {{M_k^{cond} + M_u^{cond}}}{{{N_k} + {N_u}}} \label {Eq.(40)}\end {equation}
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${\rm {anchor}} = 0$


$\sigma _w^{ij} = \exp {\left ( {{{ - {\left \| {{x_i} - {x_j}} \right \|}_2^2} / {2{\omega ^2}}}} \right )}$


$\sigma _w^{ij} = \cos \left ( {{x_i},{x_j}} \right )$
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model by capturing the collaborative representations among different 
modes. To more precisely capture the unique characteristics of each 
mode, Tan et al. (2023) proposed a topological model based on feature-
specific separation for multi-mode process monitoring. Lyu et al. (2024) 
introduced a mixture probabilistic principal component analysis method 
for industrial process modeling and fault detection, in which each mode 
is represented by an independent sub-model. However, the parallel con-
struction of sub-models increases computational time as the number of 
modes grows and may lead to the model over-dispersion problem (Chen 
et al., 2024c).

In addition, practical industrial production systems and equipment 
are often affected by various factors such as service time, seasonal vari-
ation, and geographical location, which lead to distributional differ-
ences in process data collected at different times or sites. As a result, 
a multi-mode process monitoring model trained under historical oper-
ating conditions or on old equipment tends to perform poorly when ap-
plied to the current operating conditions or new equipment with incon-
sistent data distributions (Deng et al., 2025b). Transfer learning pro-
vides a breakthrough solution to the challenge of different distributions 
between training and testing data (Fan et al., 2023; Liu, 2025). Among 
its various branches, domain adaptation (DA) has shown outstanding 
performance in overcoming domain discrepancies (Xu et al., 2026). Ex-
isting DA methods can generally be categorized according to their focus 
on samples (Warke et al., 2024; Zhu et al., 2024), models (Chen et al., 
2024a; Wei et al., 2021), or features (Li et al., 2025; Ngo et al., 2026; 
Zheng et al., 2025b). Zhu et al. (2024) approached the problem from 
the sample perspective and designed a sample-weighted DA framework, 
which assigns weights to source samples based on their similarity to the 
target domain, thereby reducing the negative impact of irrelevant or 
highly divergent samples during model training. Model-based DA typ-
ically introduces cross-domain constraints to adapt model parameters 
or decision boundaries learned from the source domain to the target 
domain. For instance, Wei et al. (2021) proposed a multi-classifier joint 
DA method that adjusts the parameters of source classifiers by enforcing 
consistency between target-domain predictions and local neighborhood 
predictions. Feature-based DA has been more extensively studied, focus-
ing on feature learning and distribution alignment. To further achieve 
geometric alignment between source and target domains, Zheng et al. 
(2025b) developed an adaptive graph-learning-based DA method to ex-
tract multi-granularity source features and semantically enhanced target 
features. Li et al. (2025) proposed a multi-kernel weighted joint DA net-
work that aligns domain distributions through a combination of maxi-
mum mean discrepancies. Ngo et al. (2026) refined the DA feature space 
partitioning and reduced domain discrepancy by adjusting distances be-
tween sub-feature spaces. These three categories of DA methods provide 
effective approaches to address distribution shifts between training and 
testing data. Therefore, in view of the distributional differences in indus-
trial process data, it is of great significance to develop DA-based models 
for cross-domain multi-mode industrial process monitoring.

Dictionary learning (DL) has been successfully and widely applied 
in fields such as image and signal processing (Deng et al., 2025a; Du 
et al., 2025). According to different dictionary construction mecha-
nisms, DL can be categorized into analytical DL (ADL), synthetical DL 
(SDL), and dictionary pair learning (DPL) (Tang et al., 2019; Wang et al., 
2025b; Zhang et al., 2021). For instance, Tang et al. (2019) incorporated 
subspace joint learning into ADL and proposed a discriminative struc-
tured ADL method for classification tasks. In general, ADL constructs 
dictionaries through predefined mathematical transformations or ana-
lytical formulations, featuring a simple architecture and low computa-
tional complexity. To obtain sparser representations and richer dictio-
nary structures, Wang et al. (2025b) proposed an SDL method based on 
fuzzy sparse discriminative embedding, which jointly optimizes multi-
ple loss terms to exploit more informative features. Considering that 
the strict sparsity constraint in SDL results in high computational cost, 
Zhang et al. (2021) improved DPL by introducing an incoherence con-
straint, enabling fast and effective DL modeling through the simulta-

neous learning of an analytical-synthetical dictionary pair. Recently, 
DL-based methods have outperformed traditional multivariate statisti-
cal approaches in process monitoring, owing to their stronger feature 
extraction and data representation capabilities (Fu et al., 2024b; Huang 
et al., 2020b; Liu et al., 2024). For example, Liu et al. (2024) developed 
a structured collaborative SDL method for multi-mode process monitor-
ing in blast furnace ironmaking, achieving successful multi-mode iden-
tification and anomaly detection. Fu et al. (2024b) proposed a graph-
embedded DPL method to capture more realistic low-dimensional rep-
resentations by leveraging both global and local information, which 
was effectively applied to monitoring the magnesium smelting process. 
To address the challenge of distribution discrepancy between training 
and testing data, cross-domain multi-mode process monitoring methods 
based on DL have recently attracted increasing attention (Deng et al., 
2023b; Huang et al., 2020a; Yang et al., 2021). Huang et al. (2020a) 
proposed a transfer SDL (TDL) approach for cross-domain monitoring, 
in which an initial dictionary is learned from the source domain and 
subsequently fine-tuned using target-domain data. To enhance cross-
domain monitoring and mode classification performance, Yang et al. 
(2021) incorporated linear discriminant analysis into TDL to learn a ro-
bust domain-shared dictionary. However, these methods generally as-
sume that the source and target domains share identical known modes 
while neglecting the potential existence of unknown modes. Moreover, 
the lack of labeled samples in target processes under new operating con-
ditions or equipment has not been fully investigated, which limits their 
performance in real industrial applications.

To address the challenges of distribution discrepancy between train-
ing and testing samples, the presence of new testing modes, and the 
lack of labeled data, this paper proposes a progressive anchoring-driven 
consistent dual reconstruction (PACDR) method for cross-domain open-
mode process monitoring. First, considering the potential existence 
of unknown modes in the target domain, an open-mode dual recon-
struction framework based on DPL is developed by introducing an 
open-set differential mechanism. Through self-reconstruction and cross-
reconstruction, domain knowledge is transferred and interacted via a 
shared dictionary pair, while the negative transfer risk caused by un-
known modes is mitigated. Then, an intra- and inter-domain joint graph 
regularization is proposed, where intra-domain regularization enhances 
the discriminability of representation coefficients, and inter-domain reg-
ularization adaptively improves the geometric consistency between do-
mains. To avoid interference from unreliable pseudo-labels, a progres-
sive target anchoring strategy is designed to gradually select target sam-
ples with higher confidence pseudo-labels during each iteration. Finally, 
for real-time target-domain samples, anomaly detection, known-mode 
identification, and unknown-mode determination are achieved using the 
learned classifier parameter matrix and dictionary pair.

The main contributions of this paper can be summarized as follows:
(1) Considering the existence of unknown modes in the target do-

main, an open-mode dual reconstruction framework is proposed. By per-
forming self- and cross-reconstructions based on a domain-shared dictio-
nary, the framework achieves unified modeling and knowledge transfer 
across all modes. Moreover, an open-set differential mechanism is em-
bedded to mitigate the misleading effect of unknown-mode information 
and facilitate better statistical distribution alignment.

(2) To reduce geometric distribution discrepancies between the 
source and target domains, the intra- and inter-domain graph regular-
ization is designed. From two complementary perspectives, graphs are 
constructed to adaptively refine the geometric distances of domain rep-
resentations, thereby enhancing the discriminability of the dual recon-
struction and the structural consistency across domains.

(3) To address the lack of target labels, a novel pseudo-labeling strat-
egy is developed, which progressively anchors reliable pseudo-labels 
according to the confidence levels of known and unknown mode sam-
ples during iterative learning. Extensive industrial process experiments 
demonstrate that the proposed PACDR achieves superior performance 
in cross-domain open-mode process monitoring.
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The paper proceeds as follows. Section 2 reviews the projective dou-
ble reconstruction together with the open-set difference. Section 3 elabo-
rates on the proposed cross-domain open-mode monitoring framework. 
Section 4 reports the experimental studies and analyses conducted on 
both simulated and real industrial processes. Section 5 concludes the 
study.

2.  Preliminaries

2.1.  Projective double reconstruction

To alleviate distribution discrepancies across different domains, 
transfer DL methods have been developed and successfully applied to 
cross-domain recognition tasks (Han et al., 2020; Li et al., 2019). Among 
them, the projective double reconstruction (PDR) approach inherits and 
extends the efficient modeling and low computational cost of DPL, pro-
viding a competitive solution for domain adaptation. Specifically, PDR 
treats the analytical dictionary as a projection matrix and performs 
self- and cross-reconstructions between the source and target domains 
by jointly learning domain-shared label information and a synthetical 
dictionary. This dual reconstruction strategy has been proven effective 
in aligning the statistical distributions between domains (Fang et al., 
2022), thereby endowing the learned synthesis dictionary with strong 
transferability. The core framework of PDR can be formulated as fol-
lows:

min
𝐷,𝐴

‖

‖

𝑋𝑠𝑡 −𝐷𝐴𝑋𝑠𝑡
‖

‖

2
𝐹 + ‖

‖

𝑋𝑠𝑡 −𝐷𝐴𝑋𝑡𝑠
‖

‖

2
𝐹

+Ψ‖
‖

𝐷,𝐴,𝑋𝑠𝑡, 𝐿‖‖, s.t. 𝑑𝑇𝑗 𝑑𝑗 = 1
(1)

where 𝑋𝑠𝑡 =
[

𝑋1
𝑠 , 𝑋

1
𝑡 ,… , 𝑋𝑐

𝑠 , 𝑋
𝑐
𝑡 ,… , 𝑋𝐶

𝑠 𝑋
𝐶
𝑡
] and 𝑋𝑡𝑠 =

[

𝑋1
𝑡 , 𝑋

1
𝑠 ,… , 𝑋𝑐

𝑡 , 𝑋
𝑐
𝑠 ,… , 𝑋𝐶

𝑡 𝑋
𝐶
𝑠
] are the data matrices reordered 

from the source samples 𝑋𝑠 ∈ ℝ𝑑×𝑛𝑠  and the target samples 𝑋𝑡 ∈ ℝ𝑑×𝑛𝑡 , 
while 𝑋𝑐

𝑠 ∈ ℝ𝑑×𝑛𝑐𝑠  and 𝑋𝑐
𝑡 ∈ ℝ𝑑×𝑛𝑐𝑡  denote the 𝑐th class of 𝑋𝑠 and 

𝑋𝑡, respectively. 𝑑 is the dimension of samples, 𝑛𝑠 and 𝑛𝑡 denote 
the sample numbers of 𝑋𝑠 and 𝑋𝑡. 𝐷 =

[

𝑑1,… , 𝑑𝑖,… 𝑑𝑚
]

∈ ℝ𝑑×𝑚 and 
𝐴 =

[

𝑎1;… ; 𝑎𝑖;… ; 𝑎𝑚
]

∈ ℝ𝑚×𝑑 represent the synthetical and analytical 
dictionaries, each containing 𝑚 atoms. Ψ‖

‖

𝐷,𝐴,𝑋𝑠𝑡, 𝐿‖‖ represents the 
discriminative function term, while 𝐿 is the label matrix obtained from 
the label set {𝑌 𝑖𝑠𝑡

}𝑛
𝑖=1 of 𝑋𝑠𝑡, 𝑛 = 𝑛𝑠 + 𝑛𝑡. 𝑑𝑇𝑗 𝑑𝑗 = 1 constrains the scale of 

the dictionary to prevent degeneration of DPL. In Eq. (1), 𝑋𝑠 and 𝑋𝑡
share the same 𝐶 classes of labels, without considering the potential 
emergence of new classes in the target domain.

2.2.  Open-set difference

In practice, testing samples may originate from classes that are not 
necessarily included in the training set (Zhang & Patel, 2017). Conven-
tional DA methods lack the capability to identify unknown classes. Con-
sequently, open-set DA has been explored, with mainstream approaches 
focusing on detecting and excluding unknown classes to mitigate nega-
tive transfer (Fang et al., 2021; Wang et al., 2025a). As a clearly defined 
open-set recognition paradigm, the open-set difference has been pro-
posed and rigorously validated (Fang et al., 2021), and its definition is 
given as follows:

Δ𝑜 =
𝑅𝑡𝑢,𝐶+1(ℎ)

1 − 𝜋𝑡𝐶+1
− 𝑅𝑠𝑢,𝐶+1(ℎ) (2)

where 𝑅𝑡𝑢,𝐶+1(ℎ) = E𝓁
(

ℎ
(

𝑋𝑡
)

, 𝑦𝐶+1
) and 𝑅𝑠𝑢,𝐶+1(ℎ) = E𝓁

(

ℎ
(

𝑋𝑠
)

, 𝑦𝐶+1
)

represent the risks that samples from the target and source domains 
are identified as unknown classes. The prediction function is denoted 
by ℎ(⋅), while 𝑦𝐶+1 ∈ ℝ(𝐶+1)×1 is a one-hot vector representing the un-
known class label in the target domain. More specifically, 𝑅𝑡𝑢,𝐶+1(ℎ) is 
designed as a positive term, which encourages more target samples to be 
identified as belonging to the unknown class, while 𝑅𝑠𝑢,𝐶+1(ℎ) serves as 
a negative term to prevent source samples from being misclassified into 
the unknown class. 𝜋𝑡𝐶+1 denotes the prior probability of the unknown 

class. Inspired by open-set recognition, open-mode process monitoring 
is defined as the domain-specific instantiation of open-set learning for 
industrial systems. In this context, the abstract concept of a class corre-
sponds to a specific physical operating mode. Unlike traditional multi-
mode process monitoring, which operates under the closed-set assump-
tion that all operating mode types are known a priori, the open-mode 
framework specifically addresses the challenge of detecting and identi-
fying novel, unknown operating modes in the target domain.

3.  Proposed method

As illustrated in Fig. 1, the proposed cross-domain open-mode pro-
cess monitoring method based on PACDR consists of two main proce-
dures: offline modeling and online monitoring. In the PACDR model-
ing stage, domain-shared knowledge of known modes is learned and 
exchanged through open-mode dual reconstruction, while the inter-
ference caused by unknown target-mode information is effectively re-
duced. Meanwhile, an intra- and inter-class joint graph regularization is 
employed to simultaneously enhance the distributional consistency be-
tween the source and target domains from two complementary perspec-
tives. By the mutual promotion of statistical and structural distribution 
alignment, the transferability of the proposed PACDR is further strength-
ened. In addition, to improve the reliability of pseudo-labels, adaptive 
anchoring strategies are designed separately for known and unknown 
target-mode samples. During the online monitoring stage, the learned 
dictionary pair and calculated control thresholds are utilized to perform 
anomaly detection, unknown-mode discovery, and known-mode identi-
fication for real-time target-domain samples. The detailed formulations 
of the proposed method are presented as follows.

3.1.  Open-mode dual reconstruction

Considering the domain distribution discrepancy and the pres-
ence of unknown modes in the target domain, an open-mode dual 
reconstruction framework is designed to achieve distribution align-
ment and knowledge transfer of domain-shared modes through self- 
and cross-reconstructions, while the embedded open differential mech-
anism effectively alleviates the negative transfer caused by un-
known modes. First, to reorganize the data matrix 𝑋 =

[

𝑋𝑠, 𝑋𝑡
]

∈
ℝ𝑑×𝑛, two permutation matrices, 𝑄𝑠𝑡 ∈ ℝ𝑛×𝑛 and 𝑄𝑡𝑠 ∈ ℝ𝑛×𝑛, are in-
troduced, where each column is a one-hot vector, 𝑄𝑇𝑠𝑡𝑄𝑠𝑡 = 𝐼 , and 
𝑄𝑇𝑡𝑠𝑄𝑡𝑠 = 𝐼 . By applying 𝑄𝑠𝑡 and 𝑄𝑡𝑠 to 𝑋, the reordered data ma-
trices 𝑋̃𝑠𝑡 = 𝑋𝑄𝑠𝑡 =

[

𝑋1
𝑠 , 𝑋

1
𝑡 ,… , 𝑋𝑐

𝑠 , 𝑋
𝑐
𝑡 ,… , 𝑋𝐶

𝑠 𝑋
𝐶
𝑡 , 𝑋

𝐶+1
𝑡 , 𝑋̂𝑡

] and 𝑋̃𝑡𝑠 =
𝑋𝑄𝑡𝑠 =

[

𝑋1
𝑡 , 𝑋

1
𝑠 ,… , 𝑋𝑐

𝑡 , 𝑋
𝑐
𝑠 ,… , 𝑋𝐶

𝑡 𝑋
𝐶
𝑠 , 𝑋

𝐶+1
𝑡 , 𝑋̂𝑡

] are obtained. Here, 
𝑐(𝑐 ≤ 𝐶) denotes the modes shared between the two domains, 𝑋𝐶+1

𝑡  rep-
resents the unknown modes in the target domain, and 𝑋̂𝑡 corresponds 
to the unanchored target samples. To further clarify the reordering pro-
cedure, an example is provided in Fig. 2.

The dual reconstruction is then formulated as follows:
𝑑 = ‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑠𝑡
‖

‖

2
𝐹 + ‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑡𝑠
‖

‖

2
𝐹 (3)

where the first term corresponds to self-reconstruction, and the second 
term to cross-reconstruction. To reduce the misleading effect of 𝑋𝐶+1

𝑡  on 
knowledge transfer in Eq. (3), we modify and embed the open-set dif-
ference to separate 𝑋𝐶+1

𝑡  from the domain-shared known modes. Due to 
the existence of a high-probability error bound between the true risk and 
the empirical risk, Eq. (2) can be approximated by its empirical estimate 
Δ̂𝑜 = 𝑅̂𝑡𝑢,𝐶+1(ℎ)∕

(

1 − 𝜋𝑡𝐶+1
)

− 𝑅̂𝑠𝑢,𝐶+1(ℎ), which is then used to construct 
a computable optimization objective (Fang et al., 2021). Here, 𝑅̂𝑡𝑢,𝐶+1(ℎ)
and 𝑅̂𝑠𝑢,𝐶+1(ℎ) denote the empirical risks corresponding to 𝑅𝑡𝑢,𝐶+1(ℎ) and 
𝑅𝑠𝑢,𝐶+1(ℎ) in Eq. (2), respectively. With the squared loss adopted as the 
loss function 𝓁(⋅), the risk that training samples are regarded as unknown 
classes can be expressed as follows:

𝑅̂𝑡𝑢,𝐶+1(ℎ) =
1
𝑛𝑡

∑

𝑥𝑖∈𝑋𝑡

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝐶+1
‖

‖

‖

2

2
(4)
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Fig. 1. Overview of cross-domain open-mode process monitoring based on PACDR.

Fig. 2. Illustration of open-mode reordering across source and target domains.

𝑅̂𝑠𝑢,𝐶+1(ℎ) =
1
𝑛𝑠

∑

𝑥𝑖∈𝑋𝑠

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝐶+1
‖

‖

‖

2

2
(5)

In addition, the supervised empirical risk on the source domain is 
computed as

𝑅̂𝑠(ℎ) = 1
𝑛𝑠

∑

𝑥𝑖∈𝑋𝑠

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝑖
‖

‖

‖

2

2
(6)

where 𝑦𝑖 ∈
{

𝑦𝑐
}𝐶
𝑐 , and 𝑦𝑐 ∈ ℝ(𝐶+1)×1 is a one-hot label vector. Given the 

classifier parameter matrix 𝑊 , 𝑊𝐴𝑋̃𝑠𝑡 represents the prediction matrix 
for the training samples. Consequently, by combining the supervised 
empirical risk of the source domain with the empirical open-set differ-
ence risk, we obtain the following expression for the overall empirical 
risk:

ℎ = 1
𝑛𝑠

∑

𝑥𝑖∈𝑋𝑠

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝑖
‖

‖

‖

2

2
+ 𝛼
𝑛𝑡

∑

𝑥𝑖∈𝑋𝑡

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝐶+1
‖

‖

‖

2

2

−
𝛽
𝑛𝑠

∑

𝑥𝑖∈𝑋𝑠

‖

‖

‖

ℎ
(

𝑥𝑖
)

− 𝑦𝐶+1
‖

‖

‖

2

2

= ‖

‖

‖

(

𝐻 −𝑊𝐴𝑋̃𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝐴𝑋̃𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹

(7)

where 𝐻 ∈ ℝ(𝐶+1)×
(

𝑛𝑠+𝑛𝑡
)

 and 𝐻̄ ∈ ℝ(𝐶+1)×
(

𝑛𝑠+𝑛𝑡
)

 are the positive and 
negative label matrices, respectively, which are defined as follows:

𝐻𝑖𝑗 =

⎧

⎪

⎨

⎪

⎩

1, 𝑥𝑗 ∈ 𝑋𝑖
𝑠, 𝑖 ≤ 𝐶

1, 𝑥𝑗 ∈ 𝑋𝑖
𝑡 , 𝑖 = 𝐶 + 1

0, otherwise
(8)

𝐻̄𝑖𝑗 =

{

1, 𝑥𝑗 ∈ 𝑋𝑖
𝑠, 𝑖 = 𝐶 + 1

0, otherwise.
(9)

In Eq. (7), Λ ∈ ℝ𝑛×𝑛 and Λ̄ ∈ ℝ𝑛×𝑛 are diagonal matrices. When 𝑥𝑖 ∈
𝑋𝑠, the (𝑖, 𝑖)th diagonal entry equals Λ𝑖𝑖 = Λ̄𝑖𝑖 =

√

(

1∕𝑛𝑠
)

. If 𝑥𝑖 ∈ 𝑋𝑡, then 
Λ𝑖𝑖 =

√

𝛼∕𝑛𝑡 and Λ̄𝑖𝑖 = 0. 𝛼 and 𝛽 are trade-off parameters that balance 
the corresponding terms. Accordingly, by jointly considering Eqs. (3) 
and (7), the proposed open-mode dual reconstruction can be formulated 
as follows:
𝐹𝑟 = ‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑠𝑡
‖

‖

2
𝐹 + ‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑡𝑠
‖

‖

2
𝐹

+ ‖

‖

‖

(

𝐻 −𝑊𝐴𝑋̃𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝐴𝑋̃𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹

+ 𝛿
(

‖𝑊 ‖

2
𝐹 + ‖

‖

‖

𝐴𝑇 ‖‖
‖2,1

)

(10)

where ‖𝑊 ‖

2
𝐹  is a regularization term to prevent overfitting. ‖

‖

𝐴𝑇 ‖
‖2,1

imposes an 𝑙2,1-norm constraint on 𝐴, aiming to enhance the robustness 
of DPL against noise and outliers (Deng et al., 2023a). 𝛿 represents the 
regularization parameter.

3.2.  Intra- and inter-domain joint graph regularization

While reducing the statistical distribution discrepancy, a novel joint 
graph regularization is developed to more precisely align the geomet-
ric structures of the two domains and enhance the discriminability of 
the representation coefficients from both intra-domain and inter-domain 
perspectives. This design further facilitates effective domain adaptation 
by jointly optimizing structural consistency and feature separability. In 
the proposed method, 𝑋𝑠 and 𝑋𝑡 are mapped into a shared feature space 
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through 𝐴, yielding the encoding coefficients 𝐴𝑋𝑠 and 𝐴𝑋𝑡. For intra-
domain graph construction, we aim for the encoding coefficients of sam-
ples belonging to the same mode within each domain to be closely con-
nected, while those of different modes are encouraged to remain distant. 
The intra-domain graph regularization can therefore be expressed as fol-
lows:

min
𝐴

1
2

𝑛
∑

𝑖,𝑗=1

‖

‖

‖

𝐴𝑥𝑖 − 𝐴𝑥𝑗
‖

‖

‖

2

2
𝑀 𝑖𝑗

𝑤 (11)

where 𝑀𝑤 denotes the edge weight matrix of the intra-domain graph, 
which is defined as follows:

𝑀 𝑖𝑗
𝑤 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

cos(𝑥𝑖, 𝑥𝑗 ),
if 𝑥𝑖, 𝑥𝑗 belong to the same
domain and 𝑦𝑖 = 𝑦𝑗 ≠ 𝐶 + 1

− cos(𝑥𝑖, 𝑥𝑗 ),
if 𝑥𝑖, 𝑥𝑗 belong to the same
domain and 𝑦𝑖 ≠ 𝑦𝑗

0, otherwise.

(12)

Besides, to further reduce structural distribution discrepancies be-
tween domains, multiple mode-specific domain discriminators are em-
ployed to obtain the inter-domain edge weight matrix 𝑀𝑏. This allows 
higher weights to be assigned to the representation coefficients of the 
same mode that are both geometrically close and structurally similar 
across different domains, while lower weights are assigned to those of 
different modes with significant structural discrepancies and larger dis-
tances. Specifically, when 𝑥𝑖 ∈ 𝑋𝑠, 𝑥𝑗 ∈ 𝑋𝑡, 𝑦𝑖 = 𝑘 and 𝑦𝑗 = 𝑔, a linear 
domain discriminator 𝑓𝑘𝑔 based on the support vector machine (SVM) 
is trained using the representation coefficients of the 𝑘th mode in the 
domain of 𝑥𝑖 and the 𝑔th mode in the domain of 𝑥𝑗 . If 𝑘 = 𝑔, the weight 
between the corresponding vertices 𝑖 and 𝑗 is calculated as

𝜎𝑖𝑗𝑤 = 𝑛
𝐶 ⋅

(

𝑛𝑘𝑠 + 𝑛
𝑔
𝑡
) ⋅

1

1 + exp
[(

𝑙2𝑖 + 𝑙
2
𝑗

)

∕2
] (13)

where 𝑙𝑖 and 𝑙𝑗 denote the distances from 𝐴𝑥𝑖 and 𝐴𝑥𝑗 to the decision 
boundary of 𝑓𝑘𝑔 , respectively. When 𝑘 ≠ 𝑔, the corresponding weight 
is set as 𝜎𝑖𝑗𝑏 = −𝜎𝑖𝑗𝑤 . Accordingly, the inter-domain graph regularization 
can be formulated as

min
𝐴

1
2

𝑛
∑

𝑖,𝑗=1

‖

‖

‖

𝐴𝑥𝑖 − 𝐴𝑥𝑗
‖

‖

‖

2

2
𝑀 𝑖𝑗

𝑏 (14)

where the adaptive edge weight 𝑀 𝑖𝑗
𝑏  is computed as follows:

𝑀 𝑖𝑗
𝑏 =

⎧

⎪

⎪

⎪

⎨

⎪

⎪

⎪

⎩

𝜎𝑖𝑗𝑤 ,
if 𝑥𝑖, 𝑥𝑗 belong to different domains
and 𝑦𝑖 = 𝑦𝑗

𝜎𝑖𝑗𝑏 ,
if 𝑥𝑖, 𝑥𝑗 belong to different domains
and 𝑦𝑖 ≠ 𝑦𝑗

0, otherwise.

(15)

The inter-domain graph regularization incorporates the similarity 
across different modes to calculate edge weights, thereby mitigating the 
unreliability of weights derived solely from Euclidean distance or cosine 
similarity in the presence of domain shift. Based on the modal label in-
formation from different domains, individual linear discriminators are 
trained for each inter-domain mode. Consequently, this classification-
aware metric is more appropriately suited for aligning representation 
coefficients within a multi-mode manifold structure. By effectively mea-
suring the similarity between the source and target domains, the con-
struction of the inter-domain graph enhances the reliability of label-
ing for target modes, which is based on the distance to source-domain 
class prototypes. Therefore, the primary function of the inter-domain 
graph is to ensure cross-domain consistency. It serves as a complemen-
tary mechanism to the intra-domain graph, with both components mu-
tually reinforcing one another to achieve a more refined alignment of 
the cross-domain geometric distributions. Based on Eqs. (11) and (14), 

the proposed intra- and inter-domain joint graph regularization can be 
expressed as follows:

𝐹𝑔 =
1
2

𝑛
∑

𝑖,𝑗=1
‖𝐴𝑥𝑖 − 𝐴𝑥𝑗‖22𝑀

𝑖𝑗
𝑤 + 1

2

𝑛
∑

𝑖,𝑗=1
‖𝐴𝑥𝑖 − 𝐴𝑥𝑗‖22𝑀

𝑖𝑗
𝑏

= Tr
(

𝐴𝑋𝑠𝑡𝐿𝑋
𝑇
𝑠𝑡𝐴

𝑇 )
(16)

where 𝐿 = 𝑇 −𝑀 denotes the Laplacian matrix, 𝑇 =
𝑑𝑖𝑎𝑔

(

𝑡1,… , 𝑡𝑖,… , 𝑡𝑛
) is a diagonal matrix, 𝑡𝑖 =

∑

𝑗𝑀
𝑖𝑗 , and 

𝑀 𝑖𝑗 =𝑀 𝑖𝑗
𝑤 +𝑀 𝑖𝑗

𝑏 .

3.3.  Progressive target-anchoring strategy

At present, most unsupervised DA methods directly use all pseudo-
labeled target samples for iterative training. However, some unreli-
able pseudo-labeled samples may deteriorate model performance. To 
mitigate this issue, a progressive target anchoring strategy is devel-
oped, which gradually anchors target samples with high-confidence 
pseudo-labels for both known and unknown modes during each itera-
tion of DPL, thereby ensuring robust open-mode reconstruction perfor-
mance. Specifically, in each iteration, for an unanchored target sample 
𝑥𝑖𝑡 ∈ 𝑋𝑡, the mode prediction score is computed as score𝑖𝑡 = 𝑊𝐴𝑥𝑖𝑡. Let 
𝑦̂1 = 𝑢(𝑢 ≤ 𝐶) and 𝑦̂2 = 𝑣(𝑣 ≤ 𝐶) denote the pseudo-labels with the first 
and second highest scores, respectively, and the corresponding class pro-
totypes of source modes are computed as 𝑝𝑢 = 1∕𝑛𝑢𝑠

∑𝑛𝑢𝑠
𝑗=1 𝐴𝑥

𝑗
𝑠

(

𝑥𝑗𝑠 ∈ 𝑋𝑢
𝑠

)

and 𝑝𝑣 = 1∕𝑛𝑣𝑠
∑𝑛𝑣𝑠
ℎ=1 𝐴𝑥

ℎ
𝑠
(

𝑥ℎ𝑠 ∈ 𝑋𝑣
𝑠
)

. 𝑥𝑖𝑡 is anchored to a known mode 𝑢
when the following condition is satisfied:
𝑑𝑖𝑠𝑡

(

𝐴𝑥𝑖𝑡, 𝑝𝑢
)

< 𝑑𝑖𝑠𝑡
(

𝐴𝑥𝑖𝑡, 𝑝𝑣
)

(17)

where 𝑑𝑖𝑠𝑡(⋅) denotes the Euclidean distance. In addition, let the prob-
ability of an anchored known-mode sample 𝑥𝑗𝑡  belonging to mode 𝑐
be 𝑃 𝑐𝑗 = exp

(

𝑊𝑐𝐴𝑥
𝑗
𝑡

)

∕
∑𝐶
𝑐=1 exp

(

𝑊𝑐𝐴𝑥
𝑗
𝑡

)

, and 𝑊𝑐 is the 𝑐th row vec-
tor of 𝑊 . Correspondingly, the self-entropy of 𝑥𝑗𝑡  can be computed 
as 

(

𝑥𝑗𝑡
)

= −1∕log𝐶
∑𝐶
𝑐=1 𝑃

𝑐
𝑗 log𝑃

𝑐
𝑗 . Assume that the pseudo-label of a 

target sample 𝑥𝑞𝑡 ∈ 𝑋𝑡 is 𝑦̂𝑞 = argmax
𝑐

(

𝑊𝐴𝑥𝑞𝑡
)

= 𝐶 + 1. The anchoring 
threshold for 𝑥𝑞𝑡  is then defined as the maximum self-entropy among all 
anchored known-mode samples, which is defined as follows:

𝜂 = max
{


(

𝑥𝑗𝑡
)

|

|

|

𝑥𝑗𝑡 ∉ 𝑋̂𝑡, 𝑦̂𝑗 = 𝑐, 𝑐 ≤ 𝐶
}

. (18)

Accordingly, the condition under which 𝑥𝑞𝑡  is anchored as mode 𝐶 + 1
is defined as follows:
𝐻
(

𝑥𝑗𝑡
)

> 𝜂. (19)

Actually, the self-entropy-based adaptive threshold in Eq. (18) es-
tablishes a conservative upper bound on the uncertainty of anchored 
known-mode samples. This mechanism constrains the selected known-
mode samples to low-uncertainty levels while simultaneously anchor-
ing unknown-mode samples with higher uncertainty. Thus, reliable 
pseudo-labeled samples are anchored by Eqs. (17) and (19), while low-
confidence pseudo-labels that remain unanchored are effectively filtered 
out.

3.4.  Modeling and optimization of PACDR

By integrating Eqs. (10) and (16), the objective function of the pro-
posed PACDR can be obtained as follows:

min
𝐷,𝐴,𝑊

‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑠𝑡
‖

‖

2
𝐹 + ‖

‖

𝑋̃𝑠𝑡 −𝐷𝐴𝑋̃𝑡𝑠
‖

‖

2
𝐹

+‖‖
‖

(

𝐻 −𝑊𝐴𝑋̃𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝐴𝑋̃𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹
+𝜆𝑇 𝑟

(

𝐴𝑋𝑠𝑡𝐿𝑋𝑇
𝑠𝑡𝐴

𝑇 ) + 𝛿
(

‖𝑊 ‖

2
𝐹 + ‖

‖

𝐴𝑇 ‖
‖2,1

)

s.t. 𝑑𝑇𝑖 𝑑𝑖 = 1

(20)
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where 𝜆 is a weighting parameter. By incorporating the variable matri-
ces 𝑅𝑠𝑡 ≈ 𝐴𝑋̃𝑠𝑡 and 𝑅𝑡𝑠 ≈ 𝐴𝑋𝑡𝑠, Eq. (20) is relaxed as follows:

min
𝐷,𝐴,𝑅𝑠𝑡 ,𝑅𝑡𝑠 ,𝑊

‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑠𝑡‖‖
2
𝐹 + ‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹

+𝜎
(

‖

‖

𝐴𝑋̃𝑠𝑡 − 𝑅𝑠𝑡‖‖
2
𝐹 + ‖

‖

𝐴𝑋̃𝑡𝑠 − 𝑅𝑡𝑠‖‖
2
𝐹

)

+‖‖
‖

(

𝐻 −𝑊𝑅𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝑅𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹
+𝜆𝑇 𝑟

(

𝑅𝑠𝑡𝐿𝑅𝑇𝑠𝑡
)

+ 𝛿
(

‖𝑊 ‖

2
𝐹 + ‖

‖

𝐴𝑇 ‖
‖2,1

)

s.t. 𝑑𝑇𝑖 𝑑𝑖 = 1, 𝑅𝑠𝑡 ≥ 0, 𝑅𝑡𝑠 ≥ 0

(21)

where 𝜎 is defined as a balancing parameter, while 𝑅𝑠𝑡 ≥ 0 and 𝑅𝑡𝑠 ≥ 0
are employed to ensure non-negative coding coefficients. 𝐻 is defined 
by Eq. (8) and  constructed with source labels and anchored target 
pseudo-labels. By iteratively updating each variable, the minimization 
problem of Eq. (21) is solved as follows.

3.4.1. Update of the variable matrix 𝑅𝑡𝑠
In updating 𝑅𝑡𝑠, the variables 𝐷, 𝐴, 𝑅𝑠𝑡, and 𝑊  are kept fixed, and 

all terms independent of 𝑅𝑡𝑠 are omitted. The resulting subproblem for 
𝑅𝑡𝑠 in Eq. (21) can then be expressed as follows:

argmin
𝑅𝑡𝑠

‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹 + 𝜎‖

‖

𝐴𝑋̃𝑡𝑠 − 𝑅𝑡𝑠‖‖
2
𝐹

s.t. 𝑅𝑡𝑠 ≥ 0.
(22)

For the constraint 𝑅𝑡𝑠 =
[

𝑟𝑡𝑠,𝑖𝑗
]

> 0 in Eq. (22), let 𝜓𝑡𝑠 =
[

𝜑𝑡𝑠,𝑖𝑗
] be the 

corresponding Lagrange multiplier. Then, the Lagrangian function with 
respect to 𝑅𝑡𝑠 is formulated as

𝜁𝑡𝑠 = ‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹 + 𝜎‖

‖

𝐴𝑋̃𝑡𝑠 − 𝑅𝑡𝑠‖‖
2
𝐹 + 𝑇 𝑟

(

𝜓𝑡𝑠𝑅
𝑇
𝑡𝑠
)

. (23)

Differentiating Eq. (23) with respect to 𝑅𝑡𝑠, and subsequently deriv-
ing 𝜑𝑡𝑠,𝑖𝑗𝑟𝑡𝑠,𝑖𝑗 = 0 via the Karush-Kuhn-Tucker conditions (Zhang et al., 
2021), yields the following update for the (𝑖, 𝑗)th element of 𝑅𝑡𝑠:

𝑟𝑘+1𝑡𝑠,𝑖𝑗 ← 𝑟𝑘𝑡𝑠,𝑖𝑗

(

𝐷𝑇𝑘𝑋̃𝑘
𝑠𝑡 + 𝜎𝐴

𝑘𝑋̃𝑘
𝑡𝑠
)

𝑖𝑗
(

𝐷𝑇𝑘𝐷𝑘𝑅𝑘𝑡𝑠 + 𝜎𝑅
𝑘
𝑡𝑠
)

𝑖𝑗

. (24)

3.4.2. Update of the variable matrix 𝑅𝑠𝑡
After fixing the other variables and eliminating the terms in Eq. (21) 

that do not depend on 𝑅𝑠𝑡, the optimization problem for 𝑅𝑠𝑡 is derived 
as follows:
argmin

𝑅𝑠𝑡
‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹 + 𝜎‖

‖

𝐴𝑋̃𝑠𝑡 − 𝑅𝑠𝑡‖‖
2
𝐹

+‖‖
‖

(

𝐻 −𝑊𝑅𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝑅𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹
+𝜆𝑇 𝑟

(

𝑅𝑠𝑡𝐿𝑅𝑇𝑠𝑡
)

, s.t. 𝑅𝑠𝑡 ≥ 0.

(25)

Similar to the update of 𝑅𝑡𝑠, and considering the constraint 𝑅𝑠𝑡 =
[

𝑟𝑠𝑡,𝑖𝑗
]

> 0, we introduce a Lagrange multiplier 𝜓𝑠𝑡 =
[

𝜑𝑠𝑡,𝑖𝑗
]

, leading to 
the following Lagrangian function with respect to 𝑅𝑠𝑡:

𝜁𝑠𝑡 = ‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹 + 𝜎‖

‖

𝐴𝑋̃𝑠𝑡 − 𝑅𝑠𝑡‖‖
2
𝐹

+‖‖
‖

(

𝐻 −𝑊𝑅𝑠𝑡
)

Λ‖‖
‖

2

𝐹
− 𝛽‖‖

‖

(

𝐻̄ −𝑊𝑅𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹
+𝜆𝑇 𝑟

(

𝑅𝑠𝑡𝐿𝑅𝑇𝑠𝑡
)

+ 𝑇 𝑟
(

𝜑𝑠𝑡𝑅𝑇𝑠𝑡
)

.

(26)

By differentiating Eq. (26) in terms of 𝑅𝑠𝑡 and applying the condition 
𝜑𝑠𝑡,𝑖𝑗𝑟𝑠𝑡,𝑖𝑗 = 0, the (𝑖, 𝑗)th element of 𝑅𝑠𝑡 is obtained as follows:

𝑟𝑘+1𝑠𝑡,𝑖𝑗 ← 𝑟𝑘𝑠𝑡,𝑖𝑗

(

𝐷𝑇𝑘𝑋̃𝑘
𝑠𝑡 + 𝜎𝐴

𝑘𝑋̃𝑘
𝑠𝑡 +𝑊

𝑇𝑘𝐻𝑘⋅
Λ𝑘Λ𝑇𝑘 + 𝛽𝑊 𝑇𝑘𝑊 𝑘𝑅𝑘𝑠𝑡Λ̄

𝑘Λ̄𝑇𝑘

)

𝑖𝑗
(

𝐷𝑇𝑘𝐷𝑘𝑅𝑘𝑠𝑡 + 𝜎𝑅
𝑘
𝑠𝑡 +𝑊

𝑇𝑘𝑊 𝑘𝑅𝑘𝑠𝑡Λ
𝑘⋅

Λ𝑇𝑘 + 𝛽𝑊 𝑇𝑘𝐻̄𝑘Λ̄𝑘Λ̄𝑇𝑘 + 𝜆𝑅𝑘𝑠𝑡𝐿
𝑘

)

𝑖𝑗

. (27)

3.4.3.  Update of the analytical dictionary 𝐴
By removing the terms in which 𝐴 is absent, Eq. (21) can be reduced 

to

argmin
𝐴
𝜎
(

‖

‖

𝐴𝑋̃𝑠𝑡 − 𝑅𝑠𝑡‖‖
2
𝐹 + ‖

‖

𝐴𝑋̃𝑡𝑠 − 𝑅𝑡𝑠‖‖
2
𝐹

)

+ 𝛿‖‖
‖

𝐴𝑇 ‖‖
‖2,1

. (28)

In Eq. (28), according to the definition of ‖⋅‖1,2 (Deng et al., 2025b), 
the third term can be rewritten as 2𝛿𝑇 𝑟(𝐴𝑉 𝐴𝑇 ). Let 𝑉  be a diagonal 
matrix whose (𝑖, 𝑖)th diagonal element is given by 𝑉𝑖𝑖 = 1∕2‖‖

‖

(

𝐴𝑇
)

𝑖
‖

‖

‖2
, 

where (𝐴𝑇 )𝑖 denotes the 𝑖th row of 𝐴𝑇 . To ensure numerical stabil-
ity, 2‖‖

‖

(

𝐴𝑇
)

𝑖
‖

‖

‖2
+ 𝜀 is utilized in practical calculations, where 𝜀 is a 

small constant. Subsequently, the iteratively reweighted least squares 
method is employed to solve Eq. (28). In the 𝑘 + 1th iteration, 𝑉 𝑘+1

𝑖𝑖
=

1∕
(

2‖‖
‖

(

𝐴𝑇𝑘
)

𝑖
‖

‖

‖2
+ 𝜀

)

 is calculated based on the dictionary 𝐴𝑘 updated in 
the 𝑘th iteration. Thus, with 𝑉 𝑘+1 and other variables fixed, a closed-
form solution for 𝐴𝑘+1 is derived as follows:
𝐴∗ =

(

𝜎𝑅𝑠𝑡𝑋̃
𝑇
𝑠𝑡 + 𝜎𝑅𝑠𝑡𝑋̃

𝑇
𝑡𝑠
)(

𝜎𝑋̃𝑠𝑡𝑋̃
𝑇
𝑠𝑡 + 𝜎𝑋̃𝑡𝑠𝑋̃

𝑇
𝑡𝑠 + 2𝛿𝑉

)−1. (29)

3.4.4.  Update of the synthetical dictionary 𝐷
To optimize 𝐷,Eq. (21) can be simplified to the following subprob-

lem:

argmin
𝐷

‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑠𝑡‖‖
2
𝐹 + ‖

‖

𝑋̃𝑠𝑡 −𝐷𝑅𝑡𝑠‖‖
2
𝐹

s.t. 𝑑𝑇𝑖 𝑑𝑖 = 1.
(30)

Let 𝑋̃ =
[

𝑋̃𝑠𝑡, 𝑋̃𝑠𝑡
]

, 𝑅 =
[

𝑅𝑠𝑡, 𝑅𝑡𝑠
]

, and 𝐾 = 𝑋̃ −
∑

𝑗≠𝑖 𝑑𝑗𝑟𝑗 , where 𝑟𝑗 de-
notes the 𝑗th row of 𝑅. Then, the minimization problem of Eq. (30) can 
be rewritten as follows:
argmin

𝑑𝑖
‖

‖

𝐾 − 𝑑𝑖𝑟𝑖‖‖
2
𝐹 , s.t. 𝑑𝑇𝑖 𝑑𝑖 = 1. (31)

By employing a Lagrange multiplier 𝜑 to handle the constraint 𝑑𝑇𝑖 𝑑𝑖 = 1, 
the corresponding function is obtained as

(

𝑑𝑖, 𝜑
)

= ‖

‖

𝐾 − 𝑑𝑖𝑟𝑖‖‖
2
𝐹 − 𝜑

(

𝑑𝑇𝑖 𝑑𝑖 − 1
)

. (32)

Differentiating the Lagrangian function (𝑑𝑖, 𝜑
) with respect to 𝑑𝑖 and 

equating the result to zero yields the following update for the atom of 
𝐷:

𝑑∗𝑖 =
𝐾𝑟𝑇𝑖

‖

‖

‖

𝐾𝑟𝑇𝑖
‖

‖

‖2

. (33)

3.4.5.  Update of classifier parameter matrix 𝑊
With 𝐷, 𝐴, 𝑅𝑠𝑡, and 𝑅𝑡𝑠 held fixed, the subproblem of 𝑊  obtained 

from Eq. (21) can be formulated as follows:

argmin
𝑊

‖

‖

‖

(

𝐻 −𝑊𝑅𝑠𝑡
)

Λ‖‖
‖

2

𝐹

−𝛽‖‖
‖

(

𝐻̄ −𝑊𝑅𝑠𝑡
)

Λ̄‖‖
‖

2

𝐹
+ 𝛿‖𝑊 ‖

2
𝐹 .

(34)

The derivative of Eq. (34) in 𝑊 , when enforced to be zero, leads to the 
following solution for 𝑊 :

𝑊 ∗ =
(

𝐻ΛΛ𝑇𝑅𝑇𝑠𝑡 − 𝛽𝐻̄Λ̄Λ̄𝑇𝑅𝑇𝑠𝑡
)

⋅
(

𝑅𝑠𝑡ΛΛ𝑇𝑅𝑇𝑠𝑡 − 𝛽𝑅𝑠𝑡Λ̄Λ̄
𝑇𝑅𝑇𝑠𝑡 + 𝛿𝐼

)−1.
(35)

To present the proposed PACDR algorithm in a clearer and more 
organized manner, it is summarized in Algorithm 1. Subsequently, the 
reconstruction error 𝑟𝑒𝑖 = ‖

‖

𝑥𝑖𝑠𝑡 −𝐷𝐴𝑥
𝑖
𝑠𝑡
‖

‖

2
2 of the 𝑖th sample in 𝑋𝑠𝑡 is com-

puted using the updated dictionary pair 𝐷 and 𝐴. Based on the kernel 
density estimation method (Huang et al., 2020b), the control threshold 
𝑇𝑟𝑒 for anomaly detection is then determined. Thus, the density estimate 
of the reconstruction error 𝑟𝑒 for the considered sample is expressed as:

𝑓𝑒(𝑟𝑒) =
1
𝑛ℎ

𝑛
∑

𝑖=1
𝐾
(

𝑟𝑒 − 𝑟𝑒𝑖
ℎ

)

(36)

where 𝐾(⋅) typically denotes a Gaussian kernel, and ℎ represents the 
bandwidth. Given a specified significance level 𝜃, 𝑇𝑟𝑒 is obtained as fol-
lows:

∫

𝑇𝑟𝑒

−∞
𝑓𝑒(𝑥)𝑑𝑥 = 1 − 𝜃. (37)
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Algorithm 1 PACDR.
Input: Source data matrix 𝑋𝑠, Source label vector 𝑌𝑠, target data matrix 
𝑋𝑡, dictionary size 𝑚, maximum limit 𝑇max, and parameters 𝛼, 𝛽, 𝜆, 𝛿, 
and 𝜎.
Initialization: Obtain the dictionary pair 𝐷(0) and 𝐴(0) with random ma-
trices, label 𝑋𝑡 as 𝑌 (0)

𝑡  by the open-set nearest neighbor (OSNN) method 
[45], calculate the classifier parameter matrix 𝑊 (0) via Eq. (35), and let 
𝑘 = 0.
While 𝑘 < 𝑇max do 
1: Update 𝑅𝑡𝑠(𝑘+1) in accordance with Eq. (24); 
2: Update 𝑅𝑠𝑡(𝑘+1) in accordance with Eq. (27); 
3: Update 𝐴(𝑘+1) based on Eq. (29); 
4: Update 𝐷(𝑘+1) based on Eq. (33); 
5: Obtain 𝑊 (𝑘+1) by computing Eq. (35); 
6: Anchor 𝑌 (𝑘+1)

𝑡  via Eqs. (17) and (19); 
7: Set 𝑘 = 𝑘 + 1;
end While
Output: 𝐴 = 𝐴(𝑘), 𝐷 = 𝐷(𝑘), and 𝑊 = 𝑊 (𝑘). 

3.5.  Online monitoring

In the online process monitoring stage, three tasks are involved: 
anomaly detection, known-mode identification, and unknown-mode de-
termination. For an online target sample 𝑥𝑛𝑒𝑤𝑡 , its reconstruction error 
is computed using the dictionaries 𝐷 and 𝐴 obtained from the offline 
PACDR model as
𝑟𝑒𝑛𝑒𝑤 = ‖

‖

𝑥𝑛𝑒𝑤𝑡 −𝐷𝐴𝑥𝑛𝑒𝑤𝑡 ‖

‖

2
2. (38)

If 𝑟𝑒𝑛𝑒𝑤 > 𝑇𝑟𝑒, 𝑥𝑛𝑒𝑤𝑡  is detected as an anomaly. Otherwise, for a normal 
𝑥𝑛𝑒𝑤𝑡 , open-mode identification is performed. With the updated 𝑊 , the 
identification is conducted as
𝑦̂𝑛𝑒𝑤 = argmax

𝑐

(

𝑊𝐴𝑥𝑛𝑒𝑤𝑡
)

. (39)

When 𝑟𝑒𝑛𝑒𝑤 > 𝑇𝑟𝑒, 𝑥𝑛𝑒𝑤𝑡  is identified as belonging to the 𝑐th mode. In par-
ticular, if 𝑐 = 𝐶 + 1, 𝑥𝑛𝑒𝑤𝑡  is determined as belonging to a newly emerging 
unknown mode.

3.6.  Computational complexity

The computational complexity of the PACDR-based cross-domain 
open-mode process monitoring method is analyzed as follows. Dur-
ing the offline modeling procedure, the computational complexi-
ties for updating 𝑅𝑡𝑠, 𝑅𝑠𝑡, 𝐴, 𝐷, and 𝑊  in each iteration are 
(𝑑𝑚𝑛), (𝑑𝑚𝑛 + 𝑚2𝑛 + 𝑚𝑛2+ 𝑛𝑘𝑡 𝑛̄

𝑘
𝑡 + 𝑚

(

𝑛𝑠 + 𝐶𝑛̄𝑘𝑡
)

, (𝑑𝑚𝑛 + 𝑑2𝑛 + 𝑑3), 

(

𝑑𝑚𝑛 + 𝑚2𝑛
)

, and ((𝐶 + 1)𝑚𝑛 + 𝑚𝑛2 + 𝑚2𝑛
)

, respectively. When up-
dating 𝑅𝑠𝑡, the complexity of constructing the intra- and inter-domain 
joint graph is (𝑛𝑘𝑡 𝑛̄𝑘𝑡 + 𝑚

(

𝑛𝑠 + 𝐶𝑛̄𝑘𝑡
))

, where (𝑚(𝑛𝑠 + 𝐶𝑛̄𝑘𝑡
)) repre-

sents the complexity of training the linear domain discriminator. In 
our method, the progressive target-anchoring strategy only necessi-
tates calculating edge weights for target domain samples with high-
confidence pseudo-labels. Accordingly, 𝑛𝑘𝑡  and 𝑛̄𝑘𝑡  denote the num-
ber of target samples anchored in the 𝑘th iteration and the cumu-
lative number of anchored samples across 𝑘 iterations, respectively. 
Under the condition 𝑛𝑘𝑡 < 𝑛𝑡 ≪ 𝑛𝑠 < 𝑛, the complexity of graph con-
struction in PACDR is significantly reduced. Given a maximum of 
𝑇max iterations, the total complexity of the modeling procedure is 

(

𝑇max
(

𝑚𝑛2 +
(

𝑑𝑚 + 𝑚2 + 𝐶𝑚 + 𝑑2
)

𝑛 + 𝑑3
))

. During the online monitor-
ing procedure, the complexity of calculating the reconstruction error 
for each testing sample is (𝑑𝑚). For a total of 𝑁𝑛𝑒𝑤 testing samples, 
the overall monitoring complexity is (𝑑𝑚𝑁𝑛𝑒𝑤

)

. Consequently, our 
method leverages the advantages of analytical encoding, eliminating 
the additional computational overhead typically required for sparse rep-
resentation. This ensures superior real-time performance for industrial 
process monitoring.

4.  Experimental study

In this section, extensive comparative experiments are conducted on 
the simulated Tennessee Eastman process (TEP), the industrial coal gasi-
fication process (CGP), and the industrial aluminum electrolysis process 
(AEP). The experimental settings, result analyses, and discussions are 
presented in detail in the following subsections.

4.1.  Process description and data collection

(1) TEP. The TEP simulation platform is an industrial chemical process 
control model involving two simultaneous gas-liquid exothermic re-
actions. Under its five major operating units, the system provides 12 
manipulated variables and 41 measured variables, offering publicly 
available data for validating industrial process monitoring methods. 
The TEP model specifies the parameter settings of six relatively sta-
ble operating modes and includes 28 types of process anomalies that 
can be implemented for evaluation (Deng et al., 2025a). After remov-
ing constant variables, 31 process variables are selected for sampling 
in the TEP experiments (Huang et al., 2020b).

(2) CGP. The CGP industrial system uses a gasifier as its core unit, where 
a gasification reaction between coal-water slurry and pure oxygen is 
carried out to produce synthesis gas primarily composed of carbon 
monoxide and hydrogen. A schematic diagram of the process flow 
is shown in Fig. 3. The quench chamber is typically located at the 
outlet of the gasifier and is responsible for rapidly cooling the high-
temperature raw syngas. Its operation directly affects the stability of 
both the gasifier and the scrubbing tower. Consequently, monitoring 
the quench chamber liquid level and quench-water flow rate is es-
sential for ensuring the efficient and stable operation of the CGP. In 
the CGP experiments, process data are collected from a coal gasifica-
tion plant, where each sample contains 27 variables associated with 
the quench chamber.

(3) AEP. The electrolytic cell is the primary production unit in AEP, 
where molten alumina reacts with the carbon anode under direct cur-
rent to produce carbon dioxide and molten aluminum (Deng et al., 
2023a). The virtual simulation model of the electrolytic cell is shown 
in Fig. 4. In current industrial practice, cell conditions under typical 
operating modes are mainly monitored based on operate consensus 
and expert experience, which lacks systematic rigor and is unable 
to identify the emergence of new modes. Therefore, developing in-
telligent open-mode monitoring techniques provides valuable guid-
ance for more refined operational decision-making and contributes 
to improving production efficiency. For the AEP experiments, sam-
ples are collected from multiple electrolytic cells across different alu-
minum electrolysis plants, where each sample consists of 24 anode 
currents representing the local behavior of the reaction cell (Deng 
et al., 2025b).

In the TEP experiments, the six operating modes are partitioned in 
two different ways to construct unknown modes in the target domain. 
In addition, to simulate domain distribution discrepancies, random per-
turbations following an exponential distribution 𝐸(0.3) and the 𝐹  dis-
tribution 0.1𝐹 (5, 9) are applied to the collected process data. For the 
CGP experiments, data are collected under three operating modes cor-
responding to different working conditions, including samples acquired 
under abnormal quench chamber liquid levels and abnormal quench-
water flow rates. For the AEP experiments, samples obtained under three 
typical operations: nonoperation, anode replacement, and metal tapping 
are used as known-mode data, while samples collected under a nonstan-
dard cell-setting condition are treated as unknown-mode data. To evalu-
ate the proposed method from both cross-condition and cross-equipment 
perspectives, samples are collected from a 400-kA electrolytic cell under 
different cell conditions, as well as from 400-kA and 440-kA electrolytic 
cell located in different plants. Furthermore, to better approximate the 
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Table 1 
Experimental cases in different industrial processes.
 Case  Task  Phase  Domain  Mode  Sample number

TEP𝑐𝑎𝑠𝑒1 Cross-condition
Training

 Source  Modes 1, 2, and 3  1-1500
 Target  Modes 1, 2, 3, 4, 5, and 6  1501-1680

Testing
 Target  Modes 1, 2, 3, 4, 5, and 6  1681-2280
 Target  Mode 1 with each anomaly  2281-2580

TEP𝑐𝑎𝑠𝑒2 Cross-condition
Training

 Source  Modes 1, 2, 3, 4, and 5  1-2500
 Target  Modes 1, 2, 3, 4, 5, and 6  2501-2680

Testing
 Target  Modes 1, 2, 3, 4, 5, and 6  2681-3280
 Target  Mode 1 with each anomaly  3281-3580

CGP𝑐𝑎𝑠𝑒1 Cross-condition
Training

 Source  Modes 1 and 2  1-1000
 Target  Modes 1, 2, and 3  1001-1090

Testing
 Target  Modes 1, 2, and 3  1091-1390
Target Mode1 with abnormally low liquid level 1391-1690

CGP𝑐𝑎𝑠𝑒2 Cross-condition
Training

 Source  Modes 1 and 2  1-1000
 Target  Modes 1, 2, and 3  1001-1090

Testing
 Target  Modes 1, 2, and 3  1091-1390
Target Modes 1 with abnormally low flow rate 1391-1690

AEP𝑐𝑎𝑠𝑒1 Cross-condition
Training

 Source  Modes 1, 2, and 3  1-1500
 Target  Modes 1, 2, 3, and 4  1501-1620

Testing
 Target  Modes 1, 2, 3, and 4  1621-2020
 Target  Mode 1 with anode effect  2021-2320

AEP𝑐𝑎𝑠𝑒2 Cross-equipment
Training

 Source  Modes 1, 2, and 3  1-1500
 Target  Modes 1, 2, 3, and 4  1501-1620

Testing
 Target  Modes 1, 2, 3, and 4  1621-2020
 Target  Mode 1 with anode effect  2021-2320

Fig. 3. Schematic diagram of CGP.

Fig. 4. Virtual simulation model of the electrolytic cell.

practical difficulty of target-domain sampling (Huang et al., 2020a), the 
numbers of training samples for each mode in the source and target 
domains are set to 500 and 30, respectively, whereas 100 samples per 
target mode and 300 abnormal samples are used for testing. A summary 
of all experimental cases is provided in Table 1.

Table 2 
FDRs for 28 anomalies in Case 1 of TEP.
 No.  SROSR  TDL  PDR  DSCDA  DFEDTL  PACDR
 1  1.0000  1.0000  1.0000  0.9400  1.0000  1.0000
 2  1.0000  1.0000  0.8767  1.0000  1.0000  0.9200
 3  0.0100  0.0300  0.7200  0.5767  0.0433  0.7867
 4  0.5400  0.6233  0.9533  0.6600  0.7133  0.9600
 5  0.0600  0.6600  0.7200  0.7433  0.7400  0.8367
 6  1.0000  1.0000  1.0000  0.0700  1.0000  1.0000
 7  0.0133  1.0000  1.0000  1.0000  1.0000  0.9933
 8  1.0000  1.0000  1.0000  0.3100  1.0000  1.0000
 9  0.5933  0.4767  0.2167  0.7267  0.1533  0.7433
 10  0.8267  0.5500  0.7967  0.3467  0.6567  0.8533
 11  0.9200  0.4567  0.6100  0.2600  0.7900  0.8867
 12  0.8967  0.7700  0.9033  0.9500  0.6900  0.8800
 13  1.0000  1.0000  0.4233  0.6533  1.0000  1.0000
 14  0.6400  0.7833  0.9833  1.0000  0.9033  0.7167
 15  0.8700  0.8567  0.7533  0.7300  0.8233  0.8933
 16  0.0100  0.0633  0.1633  0.7567  0.1933  0.4933
 17  0.2800  0.7533  0.8933  0.8833  0.7133  0.9700
 18  0.7867  0.6667  0.4467  0.3200  0.1967  0.9300
 19  0.9500  0.4800  0.8933  0.5600  0.8167  0.9367
 20  0.6700  0.9967  0.7367  0.2200  0.7400  1.0000
 21  0.3400  0.0667  0.2133  0.3933  0.2700  0.4567
 22  0.1900  0.7900  0.9800  0.8600  0.7567  0.5067
 23  0.0767  0.2700  0.2433  0.6133  0.1967  0.6267
 24  1.0000  0.9733  0.7033  0.8333  0.6600  0.9533
 25  0.8267  0.6767  0.8033  0.4733  0.3667  0.8433
 26  0.1533  0.8067  0.7367  0.9033  0.8267  0.7833
 27  0.6567  0.8067  0.8167  0.6100  0.7433  0.8767
 28  0.5000  0.4500  0.7867  0.7800  0.7700  0.8267

4.2.  Evaluation metrics

In studies on process monitoring methods, the fault detection rate 
(FDR) and the false alarm rate (FAR) (Chen et al., 2024b) are commonly 
used to evaluate anomaly detection performance. They are defined as 
follows:

FDR = TP
TP + FN

(40)
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Table 3 
FDRs for 28 anomalies in Case 2 of TEP.
 No.  SROSR  TDL  PDR  DSCDA  DFEDTL  PACDR
 1  1.0000  1.0000  1.0000  1.0000  1.0000  1.0000
 2  0.9333  0.9500  0.8967  0.7667  0.9933  1.0000
 3  0.1733  0.6267  0.4867  0.9367  0.0200  0.9467
 4  0.4267  0.9433  0.2300  0.2033  0.5367  0.9967
 5  0.4967  0.1100  0.4300  0.2967  0.4767  0.4700
 6  1.0000  1.0000  1.0000  0.9200  1.0000  1.0000
 7  0.8067  1.0000  0.0933  1.0000  1.0000  1.0000
 8  1.0000  0.9333  1.0000  0.7267  1.0000  1.0000
 9  0.7900  0.9800  0.9233  0.9767  0.5133  0.9767
 10  0.9233  0.9800  0.7833  0.6367  0.3967  0.8500
 11  0.1400  0.7467  0.5000  0.5067  0.6167  0.8333
 12  0.1267  0.6967  0.5633  0.8267  0.5433  0.8667
 13  1.0000  0.8700  0.4033  1.0000  1.0000  0.9767
 14  0.2033  0.5333  0.6700  0.5300  0.5367  0.8167
 15  0.6100  0.7733  0.5967  0.6400  0.5833  0.7533
 16  0.1667  0.7533  0.9067  0.8933  0.4967  0.9800
 17  0.8267  0.9133  0.6000  0.9767  0.7767  0.8600
 18  0.4000  0.6000  0.9833  0.9233  0.8900  0.9667
 19  0.1800  0.6700  0.9033  0.8067  0.8333  0.9433
 20  0.9500  1.0000  0.5367  0.9967  0.7567  1.0000
 21  0.2000  0.7333  0.9067  0.8867  0.9167  0.9800
 22  0.8267  0.8167  0.8900  0.8433  0.8233  0.9667
 23  0.9167  0.6400  0.8400  0.7367  0.9133  0.9233
 24  0.9833  1.0000  0.7767  0.9867  0.6767  0.9100
 25  0.8833  0.9400  0.8267  0.4333  0.7400  0.9900
 26  0.3733  0.9967  0.8667  0.7333  0.8700  0.9867
 27  0.4000  0.7900  0.7933  0.8967  0.8467  0.9000
 28  0.8700  0.6333  0.8700  0.9200  0.8900  0.9633

FAR = FP
FP + TN

(41)

where TP denotes the number of correctly detected abnormal samples, 
FN is the number of missed abnormal samples, FP represents the number 
of normal samples that are incorrectly reported as abnormal, and TN
is the number of correctly detected normal samples. To evaluate the 
performance of open-mode identification, the following metrics from 
open-set indicators (Fang et al., 2021) are adopted:

OM =
𝑀𝑘
𝑁𝑘

(42)

ACC =
𝑀𝑘 +𝑀𝑢
𝑁𝑘 +𝑁𝑢

(43)

MI =
𝑀𝑐𝑜𝑛𝑑

𝑘 +𝑀𝑐𝑜𝑛𝑑
𝑢

𝑁𝑘 +𝑁𝑢
(44)

where 𝑀𝑘 denotes the number of correctly identified known-mode 
samples, 𝑁𝑘 is the total number of known-mode samples, 𝑀𝑢 repre-
sents the number of samples correctly identified as belonging to an un-
known mode, 𝑁𝑢 is the total number of unknown-mode samples, and 
𝑀𝑐𝑜𝑛𝑑

𝑘 +𝑀𝑐𝑜𝑛𝑑
𝑢  denotes the number of samples that are detected as nor-

mal and whose modes are correctly identified. In addition, two time-
based measures are used to evaluate the performance of the proposed 
method. The training time reflects the computational complexity of the 
model, whereas the testing time indicates its real-time capability and 
detection efficiency in online monitoring.

4.3.  Implementation details

To validate the superior performance of the proposed PACDR ap-
proach in cross-domain open-mode process monitoring, a range of ad-
vanced open-set and cross-domain DL-based methods are employed 
for comparison, including the sparse representation-based open-set 
(SROSR) (Zhang & Patel, 2017) algorithm, TDL (Huang et al., 2020a), 
PDR (Han et al., 2020), dictionary-sharing coding-based DA (DSCDA) (Li 
et al., 2019), and discriminative Fisher embedding TDL (DFEDTL) (Fan 

et al., 2023). For closed-set methods, the one-class SVM (OCSVM) (Wang 
et al., 2025a) is additionally applied to determine unknown modes. For 
all methods, OSNN is uniformly adopted to initialize target pseudo-
labels. In PACDR, following the parameter ranges in the open-set dif-
ference (Fang et al., 2021), the parameters 𝛼, 𝛽, 𝜆, 𝛿, and 𝜎 are deter-
mined based on the values corresponding to the highest average ACC 
across ten random sampling trials. To ensure fair comparison, DL-based 
benchmark methods adopt the same strategy for selecting their optimal 
parameters. The number of atoms, the maximum number of iterations, 
and the significance level are set to 𝑚 = 60, 𝑇𝑚𝑎𝑥 = 10, and 𝜃 = 0.05, re-
spectively. All experiments in this paper are conducted on a computer 
equipped with an Intel Core i7-13650HX CPU.

4.4.  Experimental results and analyses

The detection results of all methods for the 28 anomalies in Case 1 
and Case 2 of TEP are summarized in Tables 2 and 3. Taking the first 
fault as a representative, Figs. 5 and 6 illustrate the process monitoring 
outcomes of each method, and Tables 4 and 5 present the corresponding 
quantitative comparisons. The TEP experimental results demonstrate 
that, under both the single unknown-mode and multiple unknown-mode 
scenarios, the proposed method consistently exhibits clear advantages 
in detecting the 28 anomalies. From the multi-metric evaluations in Ta-
bles 4 and 5, it can be observed that all methods achieve a 100% FDR 
for the first anomaly, with the exception of DSCDA. Overall, PACDR 
achieves both low FARs and high ACCs. In contrast, while PDR maintains 
low FARs, it performs poorly in open-set mode identification, evidenced 
by an ACC of only 45.33% in Case 2. This indicates that cross-domain 
dual reconstruction can transfer source knowledge and accurately model 
the underlying structure of normal data in the target domain, enabling 
the calculation of effective monitoring statistics for testing samples via 
the learned transfer dictionary pair. However, PDR overlooks the mani-
fold structures of both the source and target domains. Consequently, dis-
crepancies in geometric distributions between domains cause the clas-
sifier parameter matrix trained by PDR to underperform in the target 
open-mode identification. Meanwhile, other comparative methods ex-
hibit significant gaps between their ACCs and MIs, whereas PACDR 
demonstrates consistently superior performance in both metrics. Con-
sidering the definitions of ACC and MI, maintaining a low FAR is a pre-
requisite and fundamental guarantee for effective open-mode identifi-
cation. In Case 1, both PDR and DFEDTL show large discrepancies be-
tween their OM and ACC results, mainly because they lack a dedicated 
decision mechanism for distinguishing between known and unknown 
modes, causing their discovery of unknown modes to rely heavily on 
OCSVM.

Furthermore, Figs. 7 and 8 illustrate the monitoring results of all 
methods on the CGP, and the corresponding quantitative comparisons 
are provided in Tables 6 and 7. The CGP results indicate that TDL and 
PACDR achieve both high FDR and low FAR, owing to their effective 
transfer reconstruction mechanisms. In contrast, SROSR is unable to 
perform domain adaptation, leading to its poor performance in terms 
of FAR. DFEDTL ignores the learning of data manifold structures, lead-
ing to unstable detection performance for complex process anomalies. 
In Case 1, PDR exhibits a high FAR and low ACC. This is attributed to 
the lack of a pseudo-label anchoring strategy in PDR to secure high-
confidence pseudo-labels, resulting in heavy reliance on the quality of 
the initial target pseudo-labels. Hence, the PDR model, trained on un-
reliable unlabeled samples, performs poor reconstruction capability for 
normal modes. In contrast, our PACDR delivers consistently strong per-
formance in both open-mode identification and anomaly detection. This 
is mainly because the open-set difference reduces the risk of misclassify-
ing known source modes as unknown modes, while the geometric distri-
bution consistency constraint and the target anchoring strategy sharpen 
the inter-mode decision boundaries, achieving accurate recognition and 
effective reconstruction of target modes.
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Table 4 
Experimental results for the first anomaly in Case 1 of TEP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  100.00  50.33  39.17  78.33  89.17  4.4742  10.7096
 TDL  100.00  21.83  74.67  93.00  96.50  60.2265  0.1199
 PDR  100.00  1.50  81.17  62.67  81.33  1.4330  0.0085
 DSCDA  94.00  41.17  52.83  95.33  91.67  49.5131  0.1095
 DFEDTL  100.00  16.67  73.50  80.33  90.17  3.2486  3.3297
 PACDR  100.00  0.00  99.17  99.67  99.17  2.7565  0.0011

Fig. 5. Process monitoring for the first anomaly in Case 1 of TEP.

Fig. 6. Process monitoring for the first anomaly in Case 2 of TEP.

Table 5 
Experimental results for the first anomaly in Case 2 of TEP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  100.00  16.67  73.00  87.60  89.67  5.1335  9.3590
 TDL  100.00  0.00  95.00  94.00  95.00  162.6686  0.1838
 PDR  100.00  0.00  45.33  34.40  45.33  4.7767  0.0211
 DSCDA  100.00  15.50  77.67  89.80  91.50  37.5342  0.1296
 DFEDTL  100.00  33.33  58.00  89.60  91.33  9.4414  11.1405
 PACDR  100.00  0.00  94.17  99.00  94.17  6.2478  0.0028
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Fig. 7. Process monitoring for Case 1 of CGP.

Fig. 8. Process monitoring for Case 2 of CGP.

Fig. 9. Process monitoring for Case 1 of AEP.
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Fig. 10. Process monitoring for Case 2 of AEP.

Table 6 
Experimental results for Case 1 of CGP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  100.00  40.00  42.00  67.50  78.33  1.3183  3.9438
 TDL  93.67  0.00  91.00  86.50  91.00  79.2263  0.1520
 PDR  100.00  100.00  0.00  82.00  54.67  1.0871  0.0025
 DSCDA  60.00  46.67  52.00  93.00  95.33  17.1187  0.0436
 DFEDTL  91.00  76.67  17.67  86.00  90.67  1.2674  1.0737
 PACDR  98.67  2.33  97.67  100.00  100.00  1.4290  0.0018

Table 7 
Experimental results for Case 2 of CGP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  100.00  49.33  42.00  70.50  80.33  1.8657  4.9630
 TDL  100.00  0.00  93.67  90.50  93.67  79.3853  0.5782
 PDR  100.00  0.00  68.33  52.50  68.33  0.8789  0.0036
 DSCDA  79.00  11.33  85.33  94.00  96.00  16.4632  0.0398
 DFEDTL  100.00  0.00  90.33  85.50  90.33  1.3000  1.1645
 PACDR  100.00  0.00  100.00  100.00  100.00  0.8464  0.0015

In the AEP experiments, the cross-condition and cross-equipment 
open-mode monitoring results are presented in Figs. 9 and 10, and the 
corresponding quantitative comparisons are summarized in Tables 8 
and 9. Under the cross-condition case, both TDL and PACDR perform 
well. Because the similarity between the source and target domains is 
relatively high, TDL can effectively exploit the source-domain informa-
tion to learn the initial target dictionary. Although DSCDA and DFEDTL 
achieve high OM values, their anomaly detection performance is poor, 
indicating that the presence of an unknown mode increases the difficulty 
of modeling normal samples. In the cross-equipment case, where the 
domain discrepancy is much larger, the proposed PACDR shows a clear 
advantage over PDR in discovering unknown modes. This improvement 
is attributed to the higher reliability of the anchored target samples. Ac-
cording to testing time, processing 700 testing samples by PACDR takes 
1.0 to 1.3 ms, i.e., 1.43 to 1.86 𝜇s per sample. Given that the AEP sam-
pling interval is 10 s, the online inference overhead is negligible relative 
to the sampling period.

From Table 4 through Table 9, it can be observed that TDL and 
DSCDA incur the longest training times, primarily because their strict 
sparsity constraints significantly increase the complexity of DL. In addi-
tion, the two-stage training strategy of TDL places a substantial compu-
tational burden on the model as the number of training samples grows. 
During the testing phase, SROSR requires the modeling of extreme value 

distribution to determine unknown modes, and DFEDTL involves addi-
tional iterative computation to obtain the coding coefficients. Hence, 
both methods exhibit longer testing times. In contrast, PDR and the pro-
posed PACDR are DPL-based approaches, which require considerably 
less computational time in both training and testing. Thus, they demon-
strate higher efficiency in both model learning and online monitoring.

4.5.  Parameter sensitivity study

In the proposed PACDR method, six parameters are involved: 𝛼, 𝛽, 
𝜆, 𝛿, 𝜎, and m. The first five balancing parameters are selected from 
the range {10−3, 10−2, 10−1, 100, 101}, while the last dictionary size is 
chosen from the range {36, 60, 84, 108, 132}. To analyze the impact of 
different parameter values on the performance of PACDR, we examine 
the sensitivity of each parameter by varying one parameter at a time 
while keeping the others fixed. The performance of open-mode identifi-
cation is evaluated using ACC, and the corresponding results are shown 
in Fig. 11. Similarly, the FDR and FAR results for anomaly detection are 
presented in Fig. 12. As illustrated in Figs. 11 and 12, PACDR is gener-
ally insensitive to most choices of the balancing parameters, especially 
with relatively small variations in FDR. When the open-set parameters 𝛼
and 𝛽 fall within [10−3, 100], ACC remains stable and achieves favorable 
performance. In addition, the performance of PACDR improves as the 
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Table 8 
Experimental results for Case 1 of AEP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  53.67  30.25  43.00  57.33  68.00  2.5334  7.1908
 TDL  97.67  0.00  94.75  93.67  94.75  115.0867  0.0872
 PDR  100.00  1.25  53.50  44.00  54.50  4.2425  0.0178
 DSCDA  60.33  11.25  84.75  92.33  94.25  37.2489  0.0698
 DFEDTL  61.67  50.75  49.25  95.00  71.25  2.5810  2.6170
 PACDR  100.00  0.00  96.50  95.33  96.50  2.1677  0.0013

Table 9 
Experimental results for Case 2 of AEP.

Method
 FDR  FAR  MI  OM  ACC  Training  Testing
 (%)  (%)  (%)  (%)  (%)  time (s)  time (s)

 SROSR  97.00  50.75  21.25  30.67  23.00  4.7819  10.4600
 TDL  97.33  0.00  50.00  33.33  50.00  123.3181  0.0976
 PDR  85.00  36.00  49.25  95.67  71.75  4.2195  0.0144
 DSCDA  93.67  50.00  0.00  33.33  50.00  34.7297  0.0272
 DFEDTL  96.67  0.00  43.50  33.33  43.50  2.9210  3.5366
 PACDR  97.67  0.50  93.25  93.00  93.75  1.6428  0.0010

Fig. 11. ACCs (%) with PACDR under different values of (a) 𝛼, (b) 𝛽, (c) 𝜆, (d) 
𝛿, (e) 𝜎, and (f) m.

dictionary size increases. However, when the number of atoms becomes 
excessively large, the performance gain slows down and may even be-
come limited, which is attributable to the adverse impact of oversized 
dictionaries on optimization stability.

Furthermore, a parameter-selection scheme that combines a heuris-
tic rule with an unsupervised criterion is proposed to facilitate real-
world deployment. Specifically, FAR on the normal target data segments 
is utilized as a constraint, and the set of feasible parameter values must 
satisfy the condition FAR≤ 𝛼𝑓 . Subsequently, the mean reconstruction 
error 𝑅𝐸 of the normal target samples is employed as the unsupervised 
metric. From the candidate set satisfying the FAR constraint, the pa-
rameter combination that minimizes 𝑅𝐸 is selected for final deploy-

ment. To validate the performance of this selection strategy, we define 
𝐸̄ = 𝑅𝐸∕

∑

𝑅𝐸 as the ratio of 𝑅𝐸 to better visualize and compare the 
error magnitudes. 𝐸̄𝑠 corresponding to different parameter settings is 
illustrated in Fig. 13. With 𝛼𝑓 = 5%, the bars satisfying FAR≤ 𝛼𝑓  are 
shown in solid colors, while the bar corresponding to the minimum 𝐸̄
is highlighted with a red box. Based on the results in Figs. 11 and 12, 
the proposed parameter-selection scheme is verified to perform well in 
process monitoring.

4.6.  Ablation discussion

To investigate the influence of the core components of PACDR on 
monitoring performance, an ablation study is conducted. In this study, 
the positive term of the open-set difference, the negative term of the 
open-set difference, the intra- and inter-domain graph regularization, 
the regularization constraint, and the progressive anchoring strategy 
are individually removed, corresponding to 𝛼 = 0, 𝛽 = 0, 𝜆 = 0, 𝛿 = 0, 
and anchor = 0, respectively. The resulting performance is summarized 
in Table 10. The ablation results show that setting 𝛼 = 0 or 𝛽 = 0 leads 
to a direct decrease in OM and ACC, indicating that incorporating the 
open-set difference is essential for effectively learning both the target 
unknown modes and the source known modes. When 𝜆 = 0, the accu-
racy of open-mode identification drops significantly, because the intra- 
and inter-domain graph regularization plays a crucial role in enhancing 
geometric distribution consistency and improving the discriminability 
of the model. The refined graph structure clarifies the decision bound-
aries between known and unknown modes, mitigating the side effects 
introduced by the positive term of the open-set difference on the known 
target modes. The results obtained with 𝛿 = 0 demonstrate that the reg-
ularization constraints are necessary for improving the robustness of 
the proposed method to noise and ensuring optimization stability. Fur-
thermore, when anchor = 0, the performance of PACDR deteriorates in 
both anomaly detection and open-mode identification, which indicates 
that the progressive anchoring strategy helps guarantee the reliability of 
target pseudo-labels. Overall, the components of PACDR function syn-
ergistically, and each contributes positively to enhancing cross-domain 
open-mode monitoring performance.

Furthermore, to validate the advantage of the proposed inter-domain 
graph regularization, we conduct additional experiments on Case 2 of 
TEP and Case 2 of AEP. Euclidean and cosine weighting schemes are 
adopted as baselines. In Eq. (15), the inter-domain graph weights are 
computed as 𝜎𝑖𝑗𝑤 = exp

(

−‖‖
‖

𝑥𝑖 − 𝑥𝑗
‖

‖

‖

2

2
∕2𝜔2

)

 and 𝜎𝑖𝑗𝑤 = cos
(

𝑥𝑖, 𝑥𝑗
)

, respec-
tively. For the Euclidean weighting, 𝜔2 is set by the median of the 
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Fig. 12. FDRs (%) and FARs (%) with PACDR under different values of (a) 𝛼, (b) 𝛽, (c) 𝜆, (d) 𝛿, (e) 𝜎, and (f) m.

Fig. 13. 𝐸̄𝑠 (%) with PACDR under different values of (a) 𝛼, (b) 𝛽, (c) 𝜆, (d) 𝛿, (e) 𝜎, and (f) m.

Table 10 
Ablation study results of PACDR.

𝛼 = 0 𝛽 = 0 𝜆 = 0 𝛿 = 0 anchor = 0
 TEP𝑐𝑎𝑠𝑒1  TEP𝑐𝑎𝑠𝑒2
 FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)  FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)

 3  –  –  –  –  87.33  0.00  73.50  91.33  73.50  99.67  11.17  61.00  86.60  72.17
 –  3  –  –  –  100.00  8.33  68.83  54.33  77.17  99.00  0.00  79.00  74.80  79.00
 –  –  3  –  –  100.00  1.00  69.17  40.33  70.17  90.00  7.33  59.50  57.60  64.67
 –  –  –  3  –  100.00  0.00  94.50  91.67  94.50  100.00  13.00  82.83  92.20  93.50
 –  –  –  –  3  92.33  47.17  47.00  87.00  93.50  100.00  2.17  76.17  91.00  76.17
 –  –  –  –  –  100.00  0.00  99.17  99.67  99.17  100.00  0.00  94.17  99.00  94.17
𝛼 = 0 𝛽 = 0 𝜆 = 0 𝛿 = 0 anchor = 0

 CGP𝑐𝑎𝑠𝑒1  CGP𝑐𝑎𝑠𝑒2
 FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)  FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)

 3  –  –  –  –  98.33  2.33  71.00  72.00  72.33  100.00  4.33  70.00  60.00  73.33
 –  3  –  –  –  63.00  17.67  58.00  61.00  72.33  100.00  4.67  68.00  61.00  72.33
 –  –  3  –  –  57.67  34.33  40.00  61.50  74.33  100.00  13.00  53.67  50.00  66.67
 –  –  –  3  –  80.00  5.67  74.67  86.00  78.67  100.00  7.00  63.67  88.00  69.33
 –  –  –  –  3  85.33  14.33  50.00  48.50  56.67  91.00  33.33  33.33  50.00  66.67
 –  –  –  –  –  98.67  2.33  97.67  100.00  100.00  100.00  0.00  100.00  100.00  100.00
𝛼 = 0 𝛽 = 0 𝜆 = 0 𝛿 = 0 anchor = 0

 AEP𝑐𝑎𝑠𝑒1  AEP𝑐𝑎𝑠𝑒2
 FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)  FDR (%)  FAR (%)  MI (%)  OM (%)  ACC (%)

 3  –  –  –  –  91.33  1.25  65.50  84.00  66.50  96.00  22.00  45.50  79.00  59.25
 –  3  –  –  –  74.00  29.00  37.50  49.67  62.00  80.33  10.00  56.25  56.33  66.25
 –  –  3  –  –  79.67  9.00  57.25  52.33  63.50  53.33  9.75  64.25  56.33  74.00
 –  –  –  3  –  92.33  5.75  79.50  79.67  84.75  50.67  43.25  45.00  66.67  74.75
 –  –  –  –  3  80.00  25.00  61.25  81.67  86.25  86.00  24.50  63.25  66.33  74.50
 –  –  –  –  –  100.00  0.00  96.50  95.33  96.50  97.67  0.50  93.25  93.00  93.75
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Fig. 14. Convergence curves for the objective function value of PACDR on dif-
ferent industrial processes.

Fig. 15. Adaptive self-entropy threshold versus iteration.

Table 11 
Ablation study results on inter-domain edge weighting.

Case
 Weighting  FDR  FAR  MI  OM  ACC
 scheme  (%)  (%)  (%)  (%)  (%)

TEP𝑐𝑎𝑠𝑒2
 Euclidean  93.67  0.00  74.83  89.80  74.83
 Cosine  100.00  9.33  76.00  90.80  83.00
 Proposed  100.00  0.00  94.17  99.00  94.17

AEP𝑐𝑎𝑠𝑒2
 Euclidean  84.67  0.75  79.75  91.67  80.25
 Cosine  92.33  48.75  51.00  66.67  74.50
 Proposed  97.67  0.50  93.25  93.00  93.75

squared pairwise Euclidean distances. The comparative results in Ta-
ble 11 show that our method achieves better open-mode process moni-
toring performance. In particular, under Case 2 of AEP with significant 
domain shift, our ACC improves by 13.5% and 19.25% compared with 
the Euclidean and cosine weighting, respectively. These results verify 
that the proposed weighting based on SVM decision-boundary distance 
is more reliable in promoting the cross-domain consistency of represen-
tation coefficients in multi-mode manifold structures.

4.7.  Convergence analysis

To verify the convergence behavior of the proposed PACDR method, 
we conduct experiments on TEP, CGP, and AEP. Following the division 
of training and testing sets reported in Table 1, we randomly collect 
samples to investigate how the PACDR objective value evolves with the 
number of iterations. The convergence curves of PACDR over 30 itera-
tions for all six experiments are shown in Fig. 14. As can be observed, 
the objective value in the TEP and AEP experiments decreases mono-
tonically with iterations and converges rapidly within five iterations. In 
the CGP experiments, the objective value drops to a small, stable level 
within ten iterations.

4.8.  Visualization

To analyze the evolution of self-entropy during the iterative process, 
the adaptive threshold and the self-entropy distributions of both known 
and unknown modes are visualized in Figs. 15 and 16. The adaptive 
threshold versus iteration for all cases in the TEP, CGP, and AEP experi-
ments is plotted in Fig. 15. The curves show that the threshold decreases 
rapidly during the first few iterations and then exhibits only minor fluc-
tuations, stabilizing after several iterations. Moreover, the t-SNE visual-
ization (Deng et al., 2025b) of the cross-device case in AEP is depicted 
in Fig. 17. While a significant shift exists between the source and tar-
get domains, PACDR effectively improves domain alignment. Hence, the 
threshold behavior suggests that under our domain alignment mech-
anism, the anchoring criteria rapidly converge to a reliable selection 
rule. Besides, Fig. 16 compares the self-entropy distributions of known 
and unknown modes at iteration 1 and iteration 10. As the iterations 
proceed, the self-entropy distribution of the known modes shifts left 
and becomes narrower in TEP and AEP, while the unknown-mode self-
entropy distribution remains concentrated on the right-hand side. Mean-
while, the adaptive threshold lies near the right tail of the known-mode 
distribution. The results indicate that, after reliably anchoring known 
modes, the adaptive threshold can effectively anchor high-confidence 
unknown-mode instances. Thus, it enables a clear separation between 
known modes and high-uncertainty unknown modes.

To further examine whether noticeable model drift occurs in early 
iterations, the evolution of ACC is illustrated in Fig. 18. The results show 
a rapid increase in ACC within the first three iterations, with only minor 
transient drops, before stabilizing after iteration 6. The lack of sustained 
degradation or large oscillations in early ACC confirms that the model 
avoids noticeable drift even under significant domain shifts, exhibiting 
excellent self-correction and stable convergence behavior.

5.  Conclusions

To address the issues of distribution mismatch between training 
and testing process data and the emergence of unknown modes, a pro-
gressive anchoring-driven consistent dual reconstruction method is pro-
posed for open-mode process monitoring. An open-mode dual recon-
struction framework is developed to enable domain-knowledge trans-
fer and information exchange of known modes via the dictionary pair, 
while simultaneously mitigating the negative transfer caused by un-
known modes. To further achieve domain adaptation, an intra- and 
inter-domain graph regularization is proposed to align geometric dis-
tributions and enhance the discriminability of the coding coefficients. 
In addition, a progressive target anchoring strategy is designed to filter 
out unreliable pseudo-labels, effectively acquiring target semantic in-
formation and updating the classifier parameter matrix. Finally, exten-
sive experiments on both simulated and real industrial processes verify 
the superior performance of the proposed method. Future research will 
consider multi-source domain adaptation to exploit the complementary 
information from multiple source domains, aiming to achieve stronger 
cross-domain generalization and robustness.
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Fig. 16. Self-entropy distributions of known and unknown modes at iterations 1 and 10.

Fig. 17. t-SNE visualization of the cross-device case in AEP. (a) Original source 
domain. (b) Original target domain. (c) Original source and target domains. (d) 
Aligned Source and target domains by PACDR.

Fig. 18. ACCs (%) versus iteration.
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